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The Indonesia’s central bank law was changed in 1999 as a consequence of 
the 1997 crisis. As a result, the reserve management’s objectives shift from capital 
preservation and liquidity to more emphasis on return. Bank Indonesia (BI) needs 
sufficient reserves to defend against currency fluctuation, to give confidence to the 
market, and for debt repayment purpose. Hence, BI needs to improve its reserve 
management practice. 
In this thesis, three approaches to improve BI’s reserve management are 
studied. The first essay discusses implementation of efficient portfolio resampling in 
order to cope with the inherent instability of the efficient frontier. A sample 
acceptance region is an area where optimal portfolios are statistically equivalent. In 
this region there is less need to frequently rebalance a portfolio, thus potentially 
reducing transaction cost of a fund manager. Works by Jobson and Korkie (1980), and 
Michaud (1998) support this approach. While Michaud (1998) uses parametric Monte 
Carlo approach, this study uses bootstrapping method (Efron, 1979). I also investigate 
the impact of gradually imposing various constraints such as maturity constraint, 
lower/upper bound constraint, and currency bloc restrictions. Among others, the 
results show that upper-bound limit both for Euro and US notes improves the 
performance of the efficient frontier, while maturity constraint reduces the efficient 
portfolio’s performance. 
The second essay discusses the use of downside risk approach that is 
compatible with BI’s risk preference. Given the law that requires BI attaining 10% 
ratio between capital and monetary liability, downside risk becomes relevant. I 
approach the downside risk of portfolio using the Roy’s (1952), Kataoka’s (1963), 
and Telser’s (1955) models. There are two major contributions of this essay: (1) the 
ix 
application of the safety-first criteria to a central bank who is concerned with the 
preservation of capital; and (2) implementing the safety-first criteria in the context of 
portfolio bootstrapping. My result shows that the downside risk model helps BI 
narrow down the desirable part of the efficient frontier, and hence narrow desirable 
asset allocation range. Combined with resampling method of essay 1, this method can 
reduce the need for frequent asset rebalancing. 
The third essay investigates the possibility of BI’s adoption of an active 
portfolio management. Similar to the paper by Jorion (2003), I use ex-ante restriction 
based on the Fundamental Law of Active Management (Grinold, 1989). The 
computational model is based on Ledoit and Wolf (2003). Comparison and testing of 
the active-weight’s volatilities against the benchmark model is a key exercise in this 
chapter. Due to non-normality of the data, the hypothesis test uses bootstrapped 
confidence interval. Major contributions of this essay are: (1) the expected excess 
return over the market return (G) is positively linked to volatilities, hence BI must 
carefully consider its risk-return appetite in setting G; (2) increasing the number of 
assets does not change the volatility of the tracking errors; (3) the introduction of 
restrictions increases volatilities of certain assets (US assets) while reducing others 
(Euro and Agency’s assets), so BI may consider its effect on a case-by-case basis. 
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 1 
CHAPTER  1 
 




Reserves is defined as foreign assets that are readily available to and 
controlled by monetary authorities, to be used for important monetary policy such as 
addressing the country’s external debt imbalances, stabilizing foreign exchange rate 
by intervention, and paying government debt obligation, as well as for other 
objectives for a country or union (IMF, 2004).1 
The Asian financial crisis in 1997 has stimulated alertness among central 
banks to have an adequate amount of liquidity to support external confidence toward a 
country and to curb a country’s external vulnerability during crisis. Therefore, sound 
reserve management practices become very important. In the last few years, the 
importance of reserve management is getting substantially more attention by many 
central banks, culminating in the introduction of the IMF’s guidelines for the reserve 
management in 2004 (IMF, 2004). 
In this chapter, I will present foreign exchange reserve management in various 
central banks and in Bank Indonesia. In the first part, the importance of foreign 
exchange reserves for central banks and countries in general will be addressed. To 
provide additional insight on how countries manage reserve assets, a brief summary 
                                                 
1
 The IMF definition of official reserves usually refers to the reserves held by monetary 
authority/central bank and does not take into account reserves held by banks and corporations. 
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of the result of an IMF survey, conducted in the summer of 2002 on twenty central 
banks around the world, will be presented. The aim of the survey is to illustrate some 
current key principles in reserve management. 
In the second part, the objectives and investment strategy of foreign exchange 
reserves in Bank Indonesia will be briefly outlined. In this part, I emphasize the 
reserve management from the asset side since the government debts are managed by 
the ministry of finance (except for the IMF loan), and therefore in the matter of debt 
managements Bank Indonesia acts as a cashier for the Indonesian government. 
Also, the discussion in the second part will be emphasized on the feasibility to 
increase the performance of portfolio management in Bank Indonesia. In a drive 
toward better transparency and accountability of central bank, and in line with the 
new central banking law in 1999, Bank Indonesia has moved towards a more active 
reserve management in order to increase return. Therefore, there is a current need to 
develop reserve management using a more advanced technology, human resource, and 
better theoretical foundation. Hence, in this thesis I suggest complementing the usage 
of the mean–variance theory supplemented with various enhancements. 
1.1 Central Bank Reserve Management 
1.1.1 The World Reserves 
There was a rapid global growth of foreign reserves accumulation in the 
1990s. The total international reserves (excluding gold) jumped from SDR 0.688 
trillion to SDR 2.998 trillions during 1990 to 2005 (IMF, 2006). Of this amount, the 
contribution of Asian countries to global reserves is quite significant. In 1990, the 
Asia’s share was only 21% of global reserves. By 2004, however, the contribution of 
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Asia’s reserves increased to 44% in 2005. Japan, China and Hong Kong contributed 
highly to the Asia reserves. 
Table 1.1  Foreign Exchange Reserves in the World and Selected Asia Countries (in 
Billion SDR) 




Singapore Indonesia Others 
 
1990 688 146 21% 56 39 20 5 542 
1992 754 191 25% 53 41 29 8 563 
1994 992 264 27% 87 70 40 8 628 
1996 1177 346 29% 152 119 53 13 831 
1998 1282 416 32% 153 170 53 16 867 
2000 1590 550 35% 273 212 62 22 1040 
2001 1742 634 36% 315 261 60 22 1109 
2002 1890 720 38% 340 297 60 23 1170 
2003 2156 843 39% 447 355 64 24 1314 
2004 2522 1042 41% 538 476 72 23 1480 
2005 2998 1306 44% 585 662 81 23 1691 
CAGR*) 10.3 15.7 -- 16.9 20.8 9.8 10.7 7.9 
*) Compounded Annualized Growth Rate (%) 
Source: International Financial Statistic (2006) 
The growth rate of Asia reserves was 15.7% compared to the global growth 
rate of 10.3%. For China (including Hong Kong) and Japan, the growth was 20.8% 
and 16.9%, respectively. The growth rate of Indonesia’s reserves was 10.7%. 
The growth rate of Indonesia’s reserves compared to other selected Asia 
countries is provided in Table 1.2. 
Table 1.2  Foreign Exchange Reserves in Selected Asia Countries (in Billion SDR) 
 1995 1997 1999 2000 2001 2002 2003 2004 2005 CAGR 
Cambodia 0.1 0.2 0.3 0.4 0.5 0.6 0.5 0.6 0.7 18.1% 
China  88.4 175.6 185.5 212.1 260.0 297.1 355.0 475.9 662.4 22.3% 
India 12.5 18.7 24.2 29.5 36.5 50.2 67.0 81.9 92.7 22.2% 
Indonesia 9.3 12.4 19.3 22.0 21.7 23.9 23.6 22.6 23.2 9.5% 
Laos 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 n.a 8.8% 
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 1995 1997 1999 2000 2001 2002 2003 2004 2005 CAGR 
Malaysia 16.1 15.5 22.3 22.7 24.2 25.2 30.0 42.8 49.1 11.8% 
Myanmar 0.4 0.2 0.2 0.2 0.3 0.3 0.4 0.4 0.5 3.6% 
Philippines 4.4 5.6 9.9 10.3 10.7 10.1 9.5 8.7 11.3 9.8% 
Singapore 46.2 52.8 56.0 61.5 60.0 60.3 64.4 72.3 81.0 5.8% 
Thailand 24.3 19.5 24.9 24.7 25.7 28.1 27.6 31.4 35.6 3.9% 
Vietnam 0.9 1.5 2.4 2.6 2.9 3.0 4.2 4.5 6.3 21.7% 
Source: Calculation from IFS, 2006 
The table shows that China (including Hong Kong) owns the biggest reserves 
compared to all countries in the table, followed by India and Singapore. Meanwhile 
Malaysia, Indonesia, and Thailand own almost the same amount of foreign exchange 
reserves. The compounded annualized growth rate during 1995 to 2005 shows that 
Indonesia has relatively slower growth (9.5%) compared to other countries such as 
Vietnam and India (21.7% and 22.2%, respectively). The slower growth is mainly 
caused by the financial crisis in Asia in 1997, and by the slow return of foreign 
investment to Indonesia. 
1.1.1 The Composition of Bank Indonesia Reserves 
The composition of Bank Indonesia foreign exchange (hereafter, FX) reserves 
as of 31 December 2002 indicated that almost 80% of total reserves were invested in 
various marketable securities, while currency and deposit weight was less than 20%. 
Other substantial items (3% of total reserves) were gold that was purchased more than 
20 years ago. The details are provided in the Table 1.3. 
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Table 1.3  The Compositions of Bank Indonesia FX Reserves 
Type of Investment Dec `02 Dec `03 Dec `04 Dec `05 
Securities 76.4% 77.3% 77.9% 79.6% 
Currency & Deposits 19.6% 18.5% 17.6% 17.0% 
RPF & SDR*) 0.6% 0.6% 0.6% 0.6% 
Gold 3.3% 3.6% 3.9% 2.8% 
TOTAL 100.0% 100.0% 100.0% 100% 
      *) Reserves Position in the Fund and Special Drawing Rights are reserves in the IMF 
Source: http://www.bi.go.id/sdds/irfcl-weekly.htm (December, 2005) 
Table 1.3 shows that Bank Indonesia actively traded in securities rather than 
put money in the deposits.  
1.1.2 The Objectives of Foreign Exchange Reserve Management 
The most common use of foreign exchange (FX) reserves is to support 
monetary policy including efforts to reduce the volatility of foreign currency. For 
countries that have a fixed exchange rate policy, FX reserves are needed to intervene 
in the domestic FX market to maintain a fixed rate. However, even for those countries 
with a freely floating exchange rate system, they may wish to occasionally intervene 
in the domestic FX market if its currency is under pressure or if there is 
macroeconomic policy change. 
The second objective of the reserves is to serve as a defense mechanism 
against emergencies. Holding reserves can improve confidence to a besieged market. 
In general, higher FX reserves may reduce currency risk and thus improve investors’ 
confidence and prevent the possibility of continuing crisis. Several countries such as 
Colombia, the Czech Republic, India, Israel, Korea, and Turkey hold FX reserves for 
reducing the possibility of financial crises (Ingves, 2003). 
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Another important objective for holding reserves is to meet government 
liabilities and debt obligations.2 For some countries, such as Indonesia, FX reserves 
are being held by central banks on behalf of the government that conduct official 
borrowing. Therefore, even though these debt are not the liabilities of Bank Indonesia, 
the bank must be ready to provide enough FX liquidity should the need arise for the 
government to pay its FX debt. The failure to meet the liabilities will have significant 
impact on the creditworthiness of the central bank as well as the country.  Therefore, 
central banks are usually very conservative and give priority to the liquidity objective. 
More recently, central banks have been more active to include return as its 
objectives, as long as it is consistent with liquidity and security considerations, by 
investing in corporate bonds and in developed market equities.3 An IMF’s recent case 
study (Ingves, 2003) indicates that several countries such as Mexico, Latvia, and 
Norway have increased the weight on return enhancement, even though liability and 
security aspects of reserve managements are still important. The majority of central 
banks also hire external fund-managers. The central banks found that they can get 
useful information from their portfolio managers while adding profits to the banks’ 
reserves. 
                                                 
2
 In the Central Banking Publication (2003), the survey to central banks in 2002 indicates that the 
majority of 50 respondents answered that managing external liabilities were very desirable. The 
financial crisis and disastrous effect of unsustainable debts may be the explanations for this result. 
3
 Survey on 50 central banks indicates that 23% of the sample invests in corporate bonds, and 12% of 
the sample invests in developed markets bonds (Central Banking Publication, 2003). 
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1.2 The Practice of Reserve Management in Bank Indonesia 
1.2.1 The Objectives 
Similar to other central banks around the world, the FX reserve management 
in Bank Indonesia is also based on three principles: liquidity, security, and 
profitability. 
For liquidity reason, the bank must maintain certain currency allocation for 
asset-liability matching. In this case, liquid assets are very important to provide short-
term external debt, intervention, and other monetary operation. In fact, given the 
substantial amount of foreign liability of the Indonesian government, the task of 
matching asset and liability is one of Bank Indonesia’s most important goals in its 
reserve management.4 Hence, the bank invests in liquid assets. However, judging 
from the fact that the bank may face less-than-optimal profit if the bank put all money 
in liquid (but low return) assets, the bank also implements a diversification in the 
maturity profile of instruments (i.e. duration). 
For safety consideration, the assets should not be significantly threatened by a 
default, nor exposed to potential loss in capital. For this reason, Bank Indonesia only 
invests in sovereign, supranational, institutions and (more recently) in government 
agency securities with minimal single A, as rated by respectable rating agencies.5 For 
the same security reason, short selling and derivative products is currently also not 
allowed. The bank will also try to get a high return that is consistent with safety and 
liquidity considerations. 
                                                 
4
 Canada, New Zealand, and the United Kingdom adopt asset-liabilities management strategies in 
managing their reserves (IMF, 2003). 
5
 From IMF survey on 20 central banks (2003), the investment ratings for central banks are ranging 
from A+/A1 to AAA. 
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In the past, the thinking was that Bank Indonesia is formed for monetary and 
development objectives. However, as will be explained in the next section, the new 
central bank law requires putting some emphasize on asset return. 
1.2.2 Recent Developments 
In August 1997, partly as a response to the onset of the Asia’s financial crisis, 
Indonesia’s foreign exchange rate system was changed from a managed floating 
system to a free floating one. Beginning at this time and continued for several months, 
the Rupiah rate was under pressure due to the capital outflows and excessive demand 
for US dollar. For instance, the Rupiah depreciated from around IDR 3,000 to IDR 
14,900 per US Dollar in the span of 10 months. During the financial crisis, huge 
amount of US Dollar was sold to the banks. Therefore, the amount of FX reserves 
decreased tremendously (Figure 1-1). 
 
Figure 1-1  Bank Indonesia’s Foreign Exchange Reserves in 1997-2000 
As a result of the crisis, and to give more flexibility plus independence to 
Bank Indonesia to control monetary policy without any intervention of certain 
political reason, the new Central Bank law was enacted in 1999. In this law, Bank 
Indonesia’s three-major duties are: (1) to formulate and to implement monetary 
policies; (2) to regulate and to safeguard the smoothness of the payment system; and 
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(3) to regulate and to supervise banks. In addition, the bank must be transparent to the 
public by reporting its performance to the public and the House of Representative 
every six months. Along with various macroeconomic and monetary indicators, 
reserve management is one subject whose performances should be reported. This 
report on reserve management opens the bank to queries arising from inside the 
House of Representative, which in turn force Bank Indonesia to improve its 
performance in managing FX reserves. 
In 2004, there was an addendum to the 1999 Central Bank law. The addendum 
gives more flexibility for Bank Indonesia to invest in the international markets. Even 
though capital preservation remains the main objective in reserve management, 
however, larger emphasis on increasing portfolio return now assures a greater role 
because Bank Indonesia now needs to finance its own monetary policy operation. 
To enhance its return, Bank Indonesia implements several steps such as 
upgrading its reserve management function with more flexible investment criteria, 
investing in wider variety of products (such as securities lending program, agency 
product and in the Bank for International Settlement (BIS) securities).6 The bank also 
uses more quantitative methods for risk management, the use of tier system to 
maximize return, as well as the use of external managers. The bank also widens 
investment variety by investing in securities issued in larger number of countries. 
All of these instruments give benefits to the bank, but also increase potential 
risk. These factors enforce the bank to improve its FX risk management because the 
bank needs to measure and closely watch the risk involved to prevent any loss 
incurred. With regard to the risk management, the bank has implemented new 
                                                 
6
 From IMF survey to central banks in 20 countries (IMF, 2003), all central banks invest in Sovereign 
bonds, BIS, Supranational (except Australia), and commercial banks. 
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software to evaluate value at risk, stress test, mark to market pricing method, and 
monitoring of maximum limit in 2001. The Bank also revitalized the functioning of 
sub-dealing rooms in New York, London, and Singapore. In line with this effort, the 
bank also improved the investment guideline to be more relevant with the new 
development in the market. 
1.2.3 Investment Strategy 
There was a gradual shift in Bank Indonesia’ reserve management strategy. 
Previously, under The Central Banking Law of 1968, Bank Indonesia focused more 
on the liquidity and security principles. Hence, the bank invested in very low risk 
instruments (AAA instruments) from major countries such as USA, Japan, Germany, 
and the United Kingdom. The products are also limited mainly to the government 
bonds and supranational securities. Currently, for various reasons that have been 
previously mentioned, A-rated instruments (as defined by Moody’s) are now allowed. 
Further, in line with the new central banking law in 1999, Bank Indonesia 
changes its reserve management strategy into two-tier system. FX reserves that are 
put in marketable securities are divided into two categories: (1) Available for Sale 
(AFS), and (2) Hold to Maturity (HTM). In December 2002, 65% of the investments 
in marketable securities were classified as AFS, while the HTM was only 26.4%. The 
rest was classified as the management of external parties (external portfolio 
managers). In December 2005, the portion of HTM increased significantly, however, 
the portion of AFS decreased to 40.2% and the portion of external parties decreased to 




Table 1.4  The Composition of Bank Indonesia Investment in Securities 
Marketable Securities Dec`02 Dec`03 Dec`04 Dec`05 
- Available for Sale 65.8% 64.8% 47.6% 40.3% 
- Hold to maturity*) 26.4% 30.2% 48.4% 54.5% 
- Portfolio Manager & 
Automatic Investment 
7.1% 4.4% 3.3% 4.5% 
- Accrued and Prepaid 
Interest 
0.7% 0.6% 0.7% 0.7% 
Total 100% 100% 100% 100% 
*) Including securities lending 
Source: Bank Indonesia Annual Financial Statements, 2006 
The HTM portfolio is mostly long-term investment and consists of bond with 
high coupon rate. In contrast, the AFS portfolio is used for tactical investment 
strategy with an emphasis put on return enhancement. It is mainly invested in liquid 
assets to guarantee the availability of reserves for any short-term liabilities such as 
debt payment, and monetary policy program. Due to the importance of the AFS in 
Bank Indonesia’s portfolio, therefore, any effort to get optimal return within tolerable 
risk is very crucial. The methods to enhance return and / or control risk will be the 
subjects of this thesis. 
 
 12 
CHAPTER  2 
 




Recent changes in the Central Bank Act necessitate Bank Indonesia to add 
more weight on rate of return of its foreign reserves investment. As a result, portfolio 
efficiency and optimization becomes very important. Hence, this chapter deals with 
the application of the Mean-Variance approach in Bank Indonesia’s portfolio. The 
major thrusts of this chapter are twofold. First, this chapter tries to identify relevant 
constraints in Bank Indonesia’s portfolio. The second thrust of this chapter is to 
implement the resampling method on Bank Indonesia’s portfolio in order to reduce 
the efficient frontier’s instability. 
2.1 Introduction 
Markowitz’s model occupies a central place in the modern portfolio theory 
and risk management. Despite its popularity in academic circles, Markowitz’s 
portfolio optimization is often times not practicable. Michaud (1998) raised three 
categories of traditional criticisms of Mean-Variance optimization as follows: 
1. Mean-variance optimization is not consistent with investor’s utility and 
objectives except under normally distributed return or quadratic functions. In 




2. Mean-variance optimization is of limited use for investor with long-term 
investment objectives because the quadratic approximation of maximum 
expected utility is valid for a single period only.  
3. Asset-liability simulation, instead of the Mean-Variance approach, is more 
palatable to investors. 
However, these criticisms do not lead to serious limitation on using 
Markowitz’s Mean-Variance optimization (Michaud, 1998). In Michaud’s opinion, 
one of the most serious charges against Markowitz’s analysis is the instability of the 
optimized portfolio. The optimal portfolio is very sensitive to slight changes in input: 
small changes in the optimization input (for example, the introduction of new data 
points) are likely to cause large changes in portfolio's composition. Since small 
changes will lead to changes in the portfolio weight, it is costly for investors to 
continuously rebalance their portfolios. This limitation makes international investors 
and fund managers reluctant to rely on Mean-Variance optimization method. 
Recent works by Jobson and Korkie (1980) and by Michaud (1998) suggest 
that most of the perceived weaknesses in the Markowitz's approach are caused by the 
failure to approach portfolio analysis in stochastic terms. Toward this end, these 
authors showed a much improved portfolio performance through the introduction of 
the concept of resampling. 
To reduce the impact of estimation error, Michaud (1998) introduces the 
concept of resampled efficient frontier. In this method, the input data are resampled 
many times using parametric Monte Carlo simulation. In a single iteration, an optimal 
portfolio risk is computed for given level of portfolio return. Hence, after several 
iterations, for each level of portfolio return there will be many possible portfolio risk. 
Michaud (1998) proposed to take the lowest 95% portfolio risk (for each level of 
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portfolio return) and let these points serve as the border of the sample-acceptance 
region. 
Recent research concluded that further improvements to the Mean-Variance 
analysis can be made when appropriate constraints are imposed. Jobson and Korkie 
(1981) simulation showed the importance of imposing constraints. For example, the 
inclusion of a short selling constraint reduced the difference of the Sharpe’s ratio 
between the two data sets (actual versus simulated). This shows that constraint on the 
optimization process is meaningful.7 
Building upon the work of Jobson and Korkie (1981), Frost and Savarino 
(1988) imposed upper bound on the weight of individual security to reduce estimation 
bias and improve portfolio performance. Frost and Savarino (1988) measured 
estimation bias as the difference between the average estimated return and theoretical 
(true) expected returns and variances. They confirm Jobson and Korkie’s (1981) 
results that portfolio optimization without short-selling restriction generates large 
bias, and therefore, short-selling restriction will reduce estimation bias significantly. 
Jobson (1991) proposed constructing confidence regions for the efficient set 
hyperbola. From the confidence region (let say 95% confidence region), he generates 
a sample acceptance region around the Mean-Variance efficient portfolio. The 
boundary of this confidence region sets the best and worse case scenarios for portfolio 
strategies. 
Black and Litterman (1992) also cited that portfolio optimization model 
without constraint often resulted in large short positions in many assets. They also 
mentioned the asset allocation models are extremely sensitive to return changes. 
                                                 
7
 They also mentioned that sample size of four to seven years of monthly data produces poor Mean-
Variance estimation, therefore it is not satisfactory for estimating optimal portfolio allocations. 
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Therefore, they proposed to use the Capital Asset Pricing Model to improve the 
usefulness of the model. 
Jorion (1992) also suggested incorporating various constraint such as short-
sales restrictions, liquidity constraint, transaction costs, and turnover constraint into 
the model to reduce errors. He also proposed the use of simulation method applied to 
the original data in order to draw a new set of input parameters for use in the Mean-
Variance approach. 
These two issues (reducing instability of and putting appropriate constraints on 
the Mean-Variance portfolio) are relevant to Bank Indonesia’s reserve management. 
Hence in this chapter I will deal with two important topics: 
1. To identify meaningful constraints and its risk-return impact in Bank 
Indonesia reserve management policy. Should the bank consider no short 
selling policy? What is the role of currency allocation (US dollars vs. Euro vs. 
the Japanese Yen) in Bank Indonesia’s portfolio? Bank Indonesia must also 
grapples with the issues of imposing maturity of its portfolio and including a 
lower- and upper-boundary of certain currencies. 
2. To reduce the transaction cost in managing its portfolio. A simple example 
will illustrate the point. In 2002 there are around 3,800 transactions done in 
fixed income instruments conducted by Bank Indonesia’s dealers. Assuming 
that each of these transactions worth around USD25,000, and assuming that 
the bid-offer spread is 2/32 basis points, the one can calculate that Bank 
Indonesia incurred a transaction cost of USD6,000,000 per year. This amount 
does not yet include variable and fixed costs for every transaction such as the 
cost of SWIFT (Society World International Fund Transfer) fee, intellimatch 
system for reconciliation process, etc. This transaction cost is roughly 0.22% 
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of the total assets available for trading purposes. Clearly, there is a substantial 
cost associated with frequent portfolio turnover. Hence, one important issue 
that must be addressed is the reduction of frequency of portfolio rebalancing. 
2.1.1 Contributions 
There are several areas where this thesis will provide contributions. First, in 
contrast with Michaud’s (1998, p. 35) multivariate normal assumption in the 
resampling process, this thesis does not assume a distributional form of the sample 
data. Hence, this thesis approach is more general. 
Second, there are two approaches for calculating the sample acceptance region 
i.e. column and row rectangle. In this study, I will evaluate Michaud’s (1998) 
assertion that both approaches yield the same result. 
Third, this is the first paper (as far as I know) that deals explicitly with the 
application of Mean-Variance analysis to a Central Bank. Hence, the result may be 
able to shed some lights on the policy implication of the Mean-Variance analysis. 
Fourth, in this thesis the impact of various restrictions in constructing the 
efficient portfolio is investigated. As Bank Indonesia needs to set maximum (upper 
bound) and minimum (lower bound) due to the bank’s economic liability objectives, 
weight limits in the optimization process must be set. Most studies that were 
previously mentioned focus on the positive weight constraint, but only few studies the 
potential of upper bound constraints to improve portfolio to reduce estimation bias 
and improve portfolio performance (with the exception of Frost and Savarino, 1988). 
The impacts of various constraints to the efficient portfolio also contribute to the 
portfolio optimization process especially for Bank Indonesia. 
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2.1.2 Structure of the Chapter 
After a short introduction to the problem being investigated, I will briefly 
review the theory of the efficient portfolio and resampling. Section 3 of this chapter 
explains data sources and various processing steps needed to convert data into a 
usable form that can be used for empirical studies (more detailed discussions on the 
data sources and data construction can be found in APPENDIX A1). The calculation 
and analysis on efficient portfolio under different set of constraints will be discussed 
in Section 4. Resampling efficient portfolio, especially bootstrapping on the efficient 
portfolio, will be applied to deal with instability of traditional Markowitz’s Mean-
Variance analysis. Section 5 closes this chapter with recommendations for Bank 
Indonesia. 
2.1.3 Limitations of Research: Issues that will not be Addressed 
This research will not include derivative instruments as a part of the portfolio. 
There are many derivative products, such as swap and option, which work well for 
hedging purposes. Nevertheless, derivative requires not only sufficiently costly 
infrastructure (in terms of accounting and settlement system), but also requires more 
advanced risk management, as well as improved human resources in derivative 
products, and IT system to support transaction. An IMF’s case study showed that 
some central banks use derivative mainly for market risk management (and not for 
return purposes) and it is subject to various limitations (IMF, 2003, p. 35). Table in 
APPENDIX A2 showed that forwards and swaps are most commonly used and only 
central banks of Hong Kong SAR and Norway use equity options. 
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2.2 Theoretical Foundations 
This section lays a theoretical foundation of this thesis. It focuses on two main 
parts: the basic theories of Markowitz’s Mean-Variance optimization and the 
resampling of efficient frontiers to obtain the sample acceptance region. Related 
literature review on both parts will be covered as well. 
In the second part, I will briefly discuss the concept of a sample acceptance 
region as an important tool to overcome some of the limitations of the efficient 
frontier. I will start by introducing the bootstrapping method as introduced by Efron 
(1979). Some literatures (Jobson [1991], Michaud [1998]) that support the use of 
sample acceptance region will be discussed. 
2.2.1 A Brief Mean-Variance Exposition 
Although the role of diversification in investments was recognized long time 
ago until 1952, it lacked a theory to explain the effects of diversification on the risk-
return trade off. Markowitz (1952) theory lays a foundation for modern portfolio 
theory using risk and return. 
The theory itself is widely known and has been described elsewhere (see 
Francis and Ibbotson [2002] for introductory details). In this part (also in APPENDIX 
A3 and APPENDIX A4) I provide a short summary where, assuming a risk-
minimization approach, the simplest Markowitz model can be described by the 
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where: 
pµ  denotes expected return of a portfolio 
µ  is the expected return of each asset in the portfolio 
ω  is the vector weight of assets in the portfolio 
Ω  is the covariance matrix of assets in the portfolio 
Given the parameters Ω  one can solve the system and obtain the optimum 
weight-vectorω . Given this result, efficient frontiers can then be draw. 
In practice, users of this model add their own constraints. A no-short selling 
constraint, for example, requires all elements of ω  to be positive. With the addition of 
further constraints, the problems cannot in general be solved analytically and hence 
require numerical computer solutions. 
Despite its elegance and tractability, as has been mentioned previously, many 
criticism are directed against the Mean-Variance theory, especially with regard to its 
applicability to solve real world investment problem. 
There are two types of solution that were proposed by the earlier papers. First 
is to introduce appropriate constraints into the model. The second solution is to 
approach the covariance matrix in a stochastic manner. For this, Michaud suggest 
using a parametric resampling method. This thesis approach, however, is slightly 
different. In this thesis Michaud’s multivariate normal distribution assumption is 
discarded. In its place a non-parametric bootstrapping method is used. 
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2.2.2 The Concept of the Bootstrap 
Bootstrap is a data-based simulation method for statistical inference. The 
bootstrap is also known as resampling procedures because it involves taking data with 
replacement from the original data set. Even though other resampling procedure such 
as the Jackknife was developed much earlier, it was Efron (1979) who unified these 
ideas in terms of a nonparametric bootstrap. The bootstrap method gains its popularity 
after Efron published his book The Jackknife, The Bootstrap and Other Resampling 
Plans (1982).9 
A bootstrap sample is obtained by drawing a sample with replacement from a 
population. In non-parametric bootstrap, one does not know the underlying 
distributional form of the population under consideration. For non-parametric 
bootstrap, the true distribution can be approximated by the empirical distribution F 
(not to be confused with the F-distribution) of the observed values. Suppose one 
wishes to estimate some parameters of a certain population. Then for the n observed 
value, one can construct empirical distribution F from the n observed value through 
several random samples with replacement, and then from that constructed distribution 
F various parameters of interest can be calculated. 
The steps for doing non-parametric bootstrap are as follows: 
Step 1: Given an observed data set of n samples { }nxx ,,1 L , calculate θˆ  (where θˆ  
is the parameter of interest). 
                                                 
9
 According to Efron and Tibshirani (1993, p.5), the term bootstrap is taken from the Adventure of 
Baron Munchausen written by Rudolp Erich Raspe. In this story, the Baron used his own bootstraps 
to pick himself up from the bottom of a deep lake.  
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Step 2: Create another bootstrap sample from the original data set with replacement 
{ }nxx *1* ,,L , where ix*  is a random sample with replacement from 
{ }nxx ,,1 L  (the original data set). 
Step 3: For each bootstrap sample { }nxx *1* ,,L  in Step 2, I calculate B*ˆθ  
Step 4: Repeat steps 2 and 3 many times (say 1,000 iterations). 
Step 5: Use the sample values of B*ˆθ  as the bootstrapped distribution of θˆ . 
To illustrate these steps, I use hypothetical data of 10 samples to estimate the 
mean of a distribution and then run 1,000 resampling iterations of the observed 10 
pieces of data. For instance, for the first three iterations I obtain: 









5.92 5.72 5.92 5.92 
5.06 5.36 5.60 5.36 
6.16 5.71 6.03 4.87 
5.60 5.36 5.92 5.71 
4.87 5.06 5.06 4.87 
5.61 4.87 6.16 4.87 
5.72 5.71 5.06 6.03 
5.36 5.71 5.72 5.61 
6.03 4.87 6.16 6.16 
5.71 6.03 5.06 5.72 
 
As can be seen in the example above, every element in the first three iterations 
is taken from the original data. However, different from the original data, the value of 
5.71 (which appears only once in the original data), now appears three times in the 
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first iteration, thereby showing that a sampling with replacement has been 
conducted.10 
This scheme is iterated 1,000 times, resulting in 1,000 means each of which 
associated with one iteration. The distribution F of the mean can then be 
approximated and the estimate of the mean and the variance of the distribution F can 
be computed. In the example above, the distribution of non-parametric bootstrap 
sample is normally distributed with a mean of 5.604 (see Figure 2-1). In the first 
iteration, the mean is 5.44, whereas in the second and third iterations, the means are 
5.67 and 5.51, respectively. The histogram represents the results of the resampling 
bootstrap, while the solid line is a theoretical normal distribution. Clearly, the 
bootstrap result can be approximated by a normal distribution. To formally test for 
this I can employ the Lilliefors test (although the Jarque-Bera test can be used as 
well). 
 
Figure 2-1  Example of Non-Parametric Bootstrap 
                                                 
10
 Vose (2000) gives illustration on non-parametric Bootstrap using Microsoft Excel version 7.0 with 
@RISK version 3.5.2. 
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Most of Efron’s techniques use non-parametric bootstrap (Efron and 
Tibshirani, 1993, p. 55). In this thesis, I also use a non-parametric bootstrap to 
resample the data. To check the distribution of return data, I use Lilliefors’s test for 
normality (Adams, Kabus, Preiss, 2000). 
There are some benefits to using the bootstrap method (Chernick, 1999). First, 
the bootstrap method does not require analytical formula for the estimator. It only 
needs time to carry out the bootstrap replications in the computer. Second, it is simple 
and straightforward because it can be used for almost any problem even though there 
is also a limitation that will be explained further. Third, it can be applied safely to 
problems where there is no theoretical justification for assuming certain statistical 
distribution. Fourth, when I face a missing data problem, inference can be made 
through bootstrapping method. The proposal for using bootstrapping method in 
dealing with messy data was put forward by Milliken and Johnson (1984, 1989). 
In spite of its potential benefits, there are also limitations and conditions that I 
must be aware of when using the bootstrap procedure. One main limitation of 
applying the bootstrap is the assumption of independence between observations. 
Otherwise, the result of bootstrapping will be unreliable. There are ways to modify 
bootstrap to allow for dependence (Dowd, 2002, p. 200). One solution is through the 
bloc bootstrap approach. In this method, one divides the sample data into several non-
overlapping blocs of equal length and then selects the bloc randomly. Another 
approach offers an equally simple procedure: if observation i has just been taken, the 
next the observation i+1 will be taken as part of the sample. Hence, testing for 
dependency becomes important. 
Another limitation of the bootstrap approach occurs when analytical estimator 
for parameters exists. In this case, the application of the bootstrap becomes time 
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consuming. However, in the empirical work, there is no closed-form analytical 
formula for constructing the sample acceptance region. Hence, the application of the 
bootstrap procedure becomes unavoidable. 
Finally, the bootstrap procedure fails when it is used for a small data sample, 
say, less than 30. The practical justification for this minimum sample is associated 
with the Normal distribution. For example, in the case of binomial distribution, the 
approximation to normal distribution is accurate for data more than 30 (Chernick, 
1999). As the sample size is much larger than 30, this limitation does not apply to the 
present empirical work. 
2.2.3 Michaud’s Resampled Efficient Frontier 
To deal with the estimation error of Markowitz’s Mean-Variance optimization, 
Jobson and Korkie (1981), and then by Michaud (1989) proposed to calculate a 
statistically equivalent region of efficient frontiers from the same data set. Under the 
resampling scenario, one may not need to rebalance one’s portfolio if the efficient 
portfolio lies within the statistically equivalent region. In other words, the difference 
between efficient portfolios within the statistically efficient region is deemed to be 
quite small statistically. 
Michaud (1998, p.37) obtains the statistical equivalent region in several 
distinct steps. First, to replicate some monthly return data, he creates a simulated data 
using Monte Carlo approach (that is: the data are assumed to be coming from a 
multivariate normal distribution). Using the simulated data, he proposes to compute 
the efficient portfolio to get a resampled efficient frontier. This simulation step is 
done many times. Hence, if the simulation is done 500 times, so there will be 500 
efficient frontier replications. 
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Then, he divides all the simulated efficient portfolios points into several 
mutually exclusive column rectangles. Within each rectangle j, Michaud (1998) then 
find the 100(1-α) percentile return point within the column rectangle and call it Bj. 
The line connecting every point Bj forms the boundary of the statistically-equivalent 
region. The area below the efficient frontier and above the lower boundary is called 
sample acceptance region. While Michaud (1998) did his research using column 
rectangles, he mentioned that the result of a sample acceptance region is the same (as 
the number of efficient portfolios and simulation increases). 
In the column rectangle approach, the simulated risk (standard deviation) data 
is assumed given. In contrast, the row rectangle assumed that the simulated rate of 
return is given. 
While the equivalence between the row- and column-rectangles remains an 
empirical issue to be investigated later, these two approaches have different purposes. 
Column rectangle approach can be used when the investor is concerned with a certain 
target level of risk and wants to establish a statistical equivalence rate of return 
associated with the targeted level of risk. In contrast, should the investor be concerned 
with a certain level of expected return, he may use row rectangle approach to establish 
the statistical equivalence of risk. For the case of Bank Indonesia, the management 
may want to choose which approach is more relevant with the bank’s objectives. 
2.3 Data Construction 
This section discusses broad issues related to choice of instruments, data 
sources, and data construction. More details on these subjects and simple statistics of 
the data can also be found on the APPENDIX A1 of this thesis. 
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2.3.1 Choice of Instruments 
The setting of investment objectives will determine the choice of instruments 
in Bank Indonesia’s portfolio. As a reminder, Bank Indonesia has three objectives in 
reserve management: security, liquidity, and profitability. These goals should be 
reflected in Bank Indonesia’s choice of investment instruments. Despite numerous 
investment alternatives available, Bank Indonesia continues to choose bonds as its 
major vehicle in global investment. 
Following an internal guideline (see APPENDIX A1 for detail), Bank 
Indonesia currently invests in sovereign bonds issued by major developed countries 
such as United States, Japan, Euro countries, and non-Euro countries (the United 
Kingdom, Denmark, Sweden, and Switzerland). Government instruments issued by 
these countries happen to be liquid assets. In addition to these bonds, Bank Indonesia 
also invests in agency notes issued in the US (Federal National Mortgage Association 
and Government National Mortgage Association), and in government agency notes 
issued by some European countries. 
2.3.2 Data Sources 
Given the huge number of instruments available, it is impractical, if not 
impossible, to track prices of all instruments. It is more useful to represent the price 
data with price index that aggregates several instruments. After comparing several 
available indices (Lehman Brothers indices, Citigroup indices / Salomon Brother 
Bond indices, JP Morgan indices, and Merrill Lynch indices), I choose the Merrill 
Lynch Global Government indices. 
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The Merrill Lynch indices represent the price of bonds within a certain range 
of maturity. This study uses three different indices that reflect Bank Indonesia’s 
guideline: 1-3 years, 3-5 years, and 5-10 years buckets. 
Further, this chapter limits itself to studying data from five types of countries / 
regions (blocs) that Bank Indonesia currently invests in. These blocs are: US notes, 
Japan notes, Agency notes, Euro notes, and Non-Euro notes. Each country issues 
notes in domestic currency. However, index denominated in US Dollar-equivalent are 
used to standardize each instrument. Quoting data in USD term is more relevant to 
Bank Indonesia since USD is the base currency for the bank’s balance sheet. Since 
each bloc has three different time-buckets, the portfolio consists of fifteen assets. 
2.3.3 Preliminary Data Analysis 
Our basic data set is a monthly series running from October 1993 to May 
2004. This data window is chosen because it provides daily data for all indices 
included in this study. This is especially true for the Euro indices, whose daily data 
are only available since 1993.11 
The daily price index series are converted into return series of monthly data. 
Specifically, the return series are calculated as logarithmic differences of the 
corresponding price index. However, instead of using end-of-month data to do the 
logarithmic differences, the return series are using data taken from the 21st calendar 
day every month. If that day is not a trading day, then the return data will be taken 
from the next trading day (the 22nd of calendar day) and so on. This approach is used 
                                                 
11
 Let T be the number of observations in the model, where T is equal to 124. Let n be the number of 
assets in the portfolio, where n is 15 in this thesis. Hence, the ratio r = n/T is approximately 0.12. 
Pafka and Kondor (2004) suggested that there can be a problem when the value of r is higher than 
0.6. Therefore, the noise of the covariance matrix is still at a tolerable level. 
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to avoid artificial price problem: as coupon payments are usually made at the end of 
the month, this event may induce some artificial trading behavior. 
The Ljung-Box test was performed to test whether autocorrelation problems 
exist, and the result is presented in Table 2.2. The test shows that only two out of 15 
assets (in this case US1 and USAG1) have autocorrelation problem for all sample 
data.  Therefore, autocorrelation is not considered to be serious problem in this thesis. 
Table 2.2  Ljung-Box Test for Autocorrelation Problems 
P-Values 
Assets 
Lag 1 Lag 2 
US1 0.3 1.0 
US2 9.0 17.9 
US3 22.4 30.6 
EUR1 6.1 6.9 
EUR2 7.9 10.0 
EUR3 10.1 15.1 
NEUR1 58.1 13.5 
NEUR2 42.1 15.9 
NEUR3 43.3 26.9 
JPN1 6.9 19.2 
JPN2 4.4 12.3 
JPN3 3.3 7.7 
USAG1 0.2 0.4 
USAG2 6.1 15.7 
USAG3 34.4 43.4 
 
From the return data obtained in the previous part, the means and standard 
deviation can be calculated. The data statistical summary is described in the following 
Table 2.3. In this table, the statistics for two sample sets are calculated. The first set 
contains the entire data, and runs from October 1993 to May 2004. I call this data set 
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A. The second set contains observations from the final five years of observations. I 
call this data set B. 
Table 2.3  Statistical Summary of Data Set A versus B 
Asset Mean (A) 
(% per month) 
Mean (B) 
(% per month) 
Std (A) Std (B) 
EUR1 0.485 0.610 2.742 3.164 
EUR2 0.543 0.664 2.884 3.372 
EUR3 0.676 0.706 3.088 3.594 
NEUR1 0.601 0.630 2.232 2.562 
NEUR2 0.623 0.632 2.346 2.706 
NEUR3 0.700 0.638 2.569 2.941 
US1 0.436 0.424 0.476 0.498 
US2 0.490 0.544 1.063 1.181 
US3 0.512 0.574 1.606 1.763 
JPN1 0.105 0.188 3.333 2.778 
JPN2 0.216 0.254 3.340 2.768 
JPN3 0.339 0.344 3.452 2.852 
USAG1 0.449 0.448 0.467 0.523 
USAG2 0.501 0.501 0.885 1.041 
USAG3 0.547 0.637 0.1470 1.813 
Maximum 0.700 0.706 3.452 3.594 
Minimum 0.105 0.188 0.467 0.498 
A = Observation period from October 1993 to May 2004. 
B = Observation period from May 1999 to May 2004. 
Number 1 represents notes with maturity of 1-3 years, number 2 represent 
notes with maturity of 3-5 years; number 3 represent notes with maturity of 5-
10 years. Hence, for example, Euro1 means Euro notes with 1-3 years 
maturity. 
In general I obtained the following facts: 
1. The Japanese notes are the lowest return instruments during period of 
observations. In fact, the gap between the highest- and the lowest-return 
instruments exceed seven percent annually. 
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2. The Japanese notes have high standard deviations among available 
instruments. Thus the Japanese instruments provide not only lowest return but 
also high risk from the available instruments.  
3. Note also that in general the average return for fixed income notes is relatively 
higher in the past five years. In line with the increase in mean return, standard 
deviation has also increased for all countries. Thus, I conclude that investment 
during the last five years (in data B) was generally riskier than in the early five 
years.  
To investigate this matter further, Table 2.4 shows that return data A and data 
B indicate asymmetric distribution returns, and it have both positive and negative 
values.12 The kurtosis results both for data A and B were also mixed, some have 
peaked or flat distribution.13  
Table 2.4  Skewness and Kurtosis (Data A and B) 
Data A Data B 
Assets 
Skewness Kurtosis Skewness Kurtosis 
EUR1 1.19 4.36 0.84 2.33 
EUR2 1.26 4.36 0.84 2.29 
EUR3 0.95 3.76 0.85 2.26 
NEUR1 0.83 3.80 0.91 2.46 
NEUR2 0.70 3.43 0.87 2.35 
NEUR3 0.53 3.03 0.87 2.30 
US1 0.16 1.73 -0.31 1.61 
US2 0.34 1.91 -0.09 1.57 
US3 0.34 1.96 -0.05 1.62 
JPN1 0.48 3.95 -0.10 1.98 
                                                 
12
 Skewness is a measure of symmetry. A positive value means that a distribution has asymmetric tail 
extending towards more positive value, while a negative value means the distribution has an 
asymmetric tail extending towards more negative values. 
13
 Kurtosis is a measure of whether data are peaked (leptokurtic) or flat (platykurtic) relative to 
normal distribution (mesokurtic). If the kurtosis is three, it has normal distribution. If the value is 
positive, the data are peaked distribution has positive values. 
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Data A Data B 
Assets 
Skewness Kurtosis Skewness Kurtosis 
JPN2 0.12 2.36 -0.16 2.28 
JPN3 0.06 1.95 -0.02 2.68 
USAG1 0.20 1.74 -0.30 1.61 
USAG2 0.36 1.91 -0.13 1.55 
USAG3 0.48 2.08 -0.01 1.59 
   
As normality assumption is crucial for Markowitz’s Mean-Variance analysis, 
it is necessary to know whether normality is a reasonable and appropriate assumption 
for the data set. Toward this end the Lilliefors test (which is a single sample test of 
composite normality) is employed.14 15 16 I use the Lilliefors test to evaluate the null 
hypothesis (H0) that a random sample X has a normal distribution at a significance 
level alpha, against the alternative hypothesis (H1) that the same random sample X is 
not normally distributed. 
If the null hypothesis is true, then a sample cumulative distribution function, 
S(x), and a cumulative distribution function for the random variable X, F(x) must be 
close for all x. Then the largest of the differences (D) in absolute value can be found 
and compared with the value of D with the Table of Critical Values for the Lilliefors 
Test (given sample size (n) and significance level (α), or α−1,nL ). If D is “significantly 
                                                 
14
 The Lilliefors test, a modification of the Komogorov-Smirnov test, is a 2-sided test of composite 
normality where the sample means and variance are used as estimates of the population mean and 
variance. The test statistic is based on normalized samples, where the value of Z is calculated by 
subtracting the sample mean and normalizing by the sample standard deviation. 
15
 The Kolmogorov-Smirnov test (KS test) is used to test any given distribution by comparing the 
hypothesized and sample cumulative distribution functions. The Lilliefors test is specifically used 
to test for normality. The KS test requires knowledge of the population mean (µ) and standard 
deviation (σ), on the other hand the Lilliefors test use the sample mean (x) and sample standard 
deviation (s) to calculate F(x). 
16
 The test statistic is: D = Largest of )()( xSxF − , where F(x) is a cumulative distribution function 
for a random variable X, or )()( xXPxF ≤=  and S(x) is a sample cumulative distribution function. 
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large” compared to the table, one must reject the null hypothesis and accept 
alternative hypothesis. If not, the null hypothesis is accepted. 
The normality test using Lilliefors test for data A in the Table 2.5 indicated 
that only in three assets (out of fifteen assets) that normally assumption is not 
accepted. In the rest of the assets, the Lilliefors test showed that the normal 
distribution assumption could not be rejected at the 5 percent significance level. These 
same results obtain when data B is used. Based on these test results, the normality 
assumption in the Markowitz’s portfolio selection seems reasonable. 
Table 2.5  Lilliefors Test for Normality (Data Set A) 
Asset Normality Probability Value 
EUR1 Yes >0.200 
EUR2 Yes >0.200 
EUR3 Yes 0.081 
NEUR1 Yes >0.200 
NEUR2 Yes >0.200 
NEUR3 Yes >0.200 
US1 Yes >0.200 
US2 Yes >0.200 
US3 Yes 0.137 
JPN1 No 0.046 
JPN2 No 0.022 
JPN3 No <0.010 
USAG1 Yes 0.109 
USAG2 Yes 0.088 
USAG3 Yes 0.096 
Notes: 
The Lilliefors test statistic in Matlab only allows calculation of probability 
values between 1-20%, so exact probability value outside this range cannot be 
determined. 
Despite the reasonableness of the normality assumption (which enables us to use the 
Markowitz’s portfolio model), the analysis on Table 2.4 and Table 2.5 suggests that 
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the data may not come from strictly multivariate-normal distributions. This 
interpretation directly leads to the usage of bootstrapped method in this thesis. 
Nevertheless, should sample data are determined to be based on symmetric 
distribution (i.e. multivariate normal), then my results would be indifferent with 
Michaud’s result. As will be shown later in Figure 2-12, the result of using 
bootstrapped method and Monte Carlo approach was compared. 
Another informative result is correlation matrix (APPENDIX A1). The matrix 
describes how the return asset classes behave relative to each other. Data analysis in 
APPENDIX A1 shows that correlation coefficient between the US notes and the Euro 
notes range from 0.34 to 0.55. Similar situation also occurs between US notes and 
non-Euro notes. For US notes and Japan notes, the linkage was even smaller (ranging 
from 0.17 to 0.29). The matrix also showed clearly that US notes and Agency notes 
have strong correlation because mostly the constituent of agency index was the US 
Agency-notes (such as Fannie Mae and Freddie Mac). The result suggests that 
diversification among different maturity of US notes have no significant impact in 
reducing risk because notes with different maturity move in similar direction. 
2.4 Empirical Results and Analysis 
This section combines the theoretical part of the Mean-Variance analysis and 
the resampling theory with the data that has previously been prepared. The section’s 
body is divided into several parts. In the first part, the appropriate constraints for Bank 
Indonesia’s portfolio will be identified, followed by the construction of Mean-
Variance efficient frontiers under different scenarios of constraints. These parts are 
important for at least two reasons. One reason is to identify constraints that are 
relevant to Bank Indonesia, especially in reflecting both the policy and actual data. 
34 
 
The other purpose of these parts is to reinforce the need for Mean-Variance’s 
resampling. This part is also important to show the importance of restriction in 
making the Mean-Variance optimizers more meaningful. 
Instability of the efficient frontier, one of the biggest challenges to the 
applicability of mean-variance analysis, will be discussed in the second part. In the 
second part, data resampling will be conducted and sample acceptance region will be 
delineated. Several aspects of portfolio resampling that will be discussed in this 
section include: the construction of sample acceptance region using column versus 
row rectangles and choice of confidence interval in sample acceptance region. To 
enrich this thesis, I will also compare the result of the bootstrap simulation with the 
Michaud’s (parametric) Monte Carlo simulation. The empirical results of sample 
acceptance region will be related to Bank Indonesia’s reserve management. Policy 
and investment implication for Bank Indonesia will be presented in the next section. 
2.4.1 Restriction on the Benchmark Model 
Given the return data in section 2.3, this part calculates optimal allocations of 
individual asset using Markowitz Mean-Variance optimization under different 
restrictions. By doing this I want to show that despite many possible restrictions 
scheme, one can get more relevant and more meaningful results application of Mean-
Variance process by considering Bank Indonesia’s actual / historical weight. Once 
appropriate constraints are identified, this section also serves as a benchmark for the 
resampling method to be introduced in the next part. 
To find the appropriate benchmark for optimal portfolio allocation, I start with 
the bloc allocation of the bank’s portfolio as at October 2002 as in Table 2.6. 
35 
 
Table 2.6  Allocation of Bank Indonesia’s AFS Portfolio (Maturity Over 1 year), 
December 2002 
Type 1-3 yrs 3-5 yrs 5-10 yrs Total 
USAG 16% 3% -- 19% 
US 50% 19% -- 69% 
EUR 12% -- -- 12% 
JPN -- -- -- -- 
Total 78% 22% -- 100% 
Source: Bank Indonesia (unpublished internal memo) 
To replicate this allocation, nine (9) scenarios are considered, denoted as S-1 
to S-9. Efficient frontier without any restriction (S-1) is first considered. The scenario 
S-2 is obtained by imposing positive weight constraint to the model S-1. By 
disallowing short selling in the optimization process, all assets are required to have 
positive weights in the resulting portfolio. This constraint is very relevant for Bank 
Indonesia, because it is risky for central bank to be involved in this type of position. 
In addition to the initial no-constraint situation, several restrictions will be 
considered. The scenarios S-3 through S-9 reflect more realistic Bank Indonesia’s 
policy in foreign exchange reserve management. The succession of scenarios starts 
with restrictions on assets on US bloc and Euro bloc. For US notes, the total weight 
was constrained to range between 50% and 70% of the total assets. Similarly, the 
weight of total Euro notes is between 10% and 20%. Finally, the maximum weight of 
US Agency is placed at 20% of total portfolio. Then, I use this position as a 
benchmark for other restrictions and it is called S-3. 
For S-4 and S-5, I add more constraints on the maturity profile of 
portfolios. In S-4, I use minimum amount of 50% in instruments with maturity of 1-3 
years. Then, I put also maximum amount of 10% in instruments with maturity of 5-10 
years in S-5. 
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For S-6 and S-7, I impose additional constraint on Non-Euro bloc, so the 
total weight of (Euro and Non-Euro) notes maximum of 30% and maximum of 50%, 
respectively. 
Finally, scenario S-8 and S-9 will be considered to understand the impact for 
only imposing minimum or maximum constraint. The summary of these scenarios 
is provided in Table 2.7. 
Table 2.7  Scenarios on Efficient Frontier with Restrictions 
A. Scenarios with Currency Restrictions 
Assets Constraint US & 
USAG 
USAG EUR & 
NEUR 
EUR 
S–1 -- -- -- -- -- 
S-2 -- > 0% > 0% > 0% > 0% 
S-3 Min 50% -- -- 10% 
 Max 70% 20% -- 20% 
S-4 Min 50% -- -- 10% 
 Max 70% 20% -- 20% 
S-5 Min 50% -- -- 10% 
 Max 70% 20% -- 20% 
S-6 Min 50% -- 30% 10% 
 Max 70% 20% -- 20% 
S-7 Min 50% -- 30% 10% 
 Max 70% 20% 50% 20% 
S-8 Min -- -- -- -- 
 Max 70% 20% -- 20% 
S-9 Min 50% -- -- 10% 
 Max -- 20% -- -- 
B. Scenarios with Maturity Restrictions 
Maturity Constraint S-4 S-5 
1 - 3 years Min 50% 50% 
3 - 5 years Min -- -- 




S - 1 No Restrictions 
S - 2 Positive-weight (PW) constraints (no short selling) 
S - 3 PW+ US Bloc (max-min) + Euro Bloc (max-min) 
S - 4 PW+US Bloc (max-min) + Euro Bloc (max-min) + Maturity 
Constraints (Short term) 
S - 5 PW+ US Bloc (max-min) + Euro Bloc (max-min) + Maturity 
Constraints (Short term & long term) 
S - 6 PW+ US Bloc (max-min) + Pan-Europe Bloc (max-min) 
S - 7 PW+ US Bloc (max-min) + Pan-Europe Bloc (min) 
S - 8 PW+ US Bloc (max) + Euro Bloc (max)  
S - 9 PW+ US Bloc (min) + Euro Bloc (min) 
Objectives:  
S-1: to see optimization without limitation 
S-2: to see the effect of imposing positive weight constraints 
S-3: as a benchmark of portfolio 
S-4: to see the effect of imposing maturity constraints  
S-5: to see the effect of imposing maturity constraints 
S-6: to see the effect of limiting Pan-Europe instruments 
S-7: to see the effect of limiting Pan-Europe instruments 
S-8: to see the effect of maximum constraints on Efficient Frontiers 
S-9: to see the effect of minimum constraints on Efficient Frontiers 
 
Using the nine scenarios as listed in Table 2.7, I create the efficient portfolio 
and compare it with benchmark portfolio, S-3. The result of each restriction will be 
described in the next part. 
2.4.2 Comparisons of Efficient Frontier under Different Constraints 
To compare the efficient portfolio under different constraints, I need to know 
the composition of assets under the unconstrained efficient frontier. Using the return 
data obtained in section 2.3, I calculated the efficient frontier. The resulting portfolio 
weights are given in Table 2.8. 





(% p.a.) USAG USA EUR NEUR JPN 
1 4.59 0.79 34.0 64.0 -2.0 3.1 0.9 
2 5.07 0.83 58.8 38.8 -3.4 5.7 0.0 







(% p.a.) USAG USA EUR NEUR JPN 
4 6.02 1.16 108.4 -11.4 -6.0 10.9 -1.9 
5 6.49 1.40 133.2 -36.6 -7.4 13.6 -2.8 
6 6.97 1.65 158.0 -61.7 -8.7 16.2 -3.8 
7 7.44 1.92 182.8 -86.8 -10.0 18.8 -4.7 
8 7.92 2.20 207.6 -112.0 -11.4 21.4 -5.7 
9 8.39 2.48 232.4 -137.1 -12.7 24.1 -6.6 
Source: Author’s calculation 
Table 2.8 is obtained by minimizing portfolio risk subject to a certain rate of 
return. To draw relatively smooth lines, we evaluate efficient frontiers at 151 risk-
return points. However, to save space when presenting the efficient frontier in form of 
a table, we only select 9 out of the 151 risk-return points available. 
Table 2.8 shows the annualized average return ranges from the minimum of 
4.59% to the maximum of 8.39%. The corresponding minimum risk (annualized 
standard deviation) ranges from 0.79% to 2.48%. The other columns in the table show 
the weight of the assets, with negative numbers showing a short-sell position. Total 
weight of assets in each row must be equal to one (1), indicating that all money has 
been fully invested. 
From the table it can be seen that the US Agency notes are the most preferred 
instruments compared to other notes.  For example, at the return of 7.44%, the weight 
of US Agency notes is 182.8%. To achieve this, the investor must short-sell (i.e. put 
negative weights) on US treasury notes and Euro notes. 
To explain this position, one may recall from section 2.3 that the US Agency 
notes (especially with maturity of 1-3 years) have the lowest standard deviation 
compared to notes from other countries, despite slightly lower return compared to the 
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Non-Euro notes. In general, the combination of the lowest standard deviation with 
high expected-return created an overweight position of the US Agency notes. 
This result does not make an investment sense for Bank Indonesia because 
short selling is a speculative position that does not fit Bank Indonesia’s objective and 
risk profile. This result emphasizes the point made by Jorion (1992) and Michaud 
(1989) which said that optimization process overweight asset with the highest 
estimation error, therefore it overemphasize the true efficiency of the optimal 
portfolio. Frost and Savarino (1988) said that unrestricted short selling leads to the 
skyrocketing estimation of asset weights, thus giving it no investment value in 
applications. 
Based on the previously mentioned investment objectives, overcoming the 
limitation on short selling is indeed very crucial to get optimal and sensible asset 
allocation. This can be achieved by constraining the assets to have positive-weights 
only (Table 2.9). 
Table 2.9  Efficient Portfolio Weights with Positive Weights Constraint S-2 (in % 
p.a.) 
No. Return (% p.a.) 
Std 
(% p.a.) USAG USA EUR NEUR JPN 
1 5.07 1.74 0.0 96.0 0.0 0.0 4.0 
2 5.54 1.80 94.0 0.0 0.0 6.0 0.0 
3 6.02 2.72 81.4 0.0 0.0 18.6 0.0 
4 6.49 3.77 74.4 0.0 0.0 25.6 0.0 
5 6.97 4.88 59.8 0.0 0.0 40.2 0.0 
6 7.44 6.15 39.8 0.0 0.0 60.2 0.0 
7 7.92 7.49 22.8 0.0 0.0 77.2 0.0 
8 8.39 8.90 0.0 0.0 0.0 100.0 0.0 
Source: Author’s calculation 
After imposing the no-short selling constraint, optimal asset allocation is more 
evenly balanced between US Agency notes and non-Euro notes. At the lower level of 
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average returns, the US Agency has greater weights (except at rate of return of 
5.07%). When the expected return goes up, the asset composition is taken over by 
non-Euro notes. More importantly, the scenario S-2 shows that the result does not 
reflect diversification, as the US notes, the Euro notes, and the Japan notes all have 
zero weights. 
As expected, adding short-selling constraint reduces the performance of 
efficient portfolio. Figure 2-2 gives an illustration that efficient frontier with 
restriction lies to the right of the unrestricted frontier. For example, at 6.49% return, 
the unrestricted frontier is associated with a risk level of 1.40%, while the restricted 
frontier has a corresponding risk level of 3.77% (an increase in risk by 170%). 
 
Figure 2-2  Efficient Portfolios without and with Positive-Weight Constraint (S-1 vs. 
S-2) 
Using scenario 3 (S-3), the weight composition of assets is displayed in Table 
2.10. The table shows that the optimal portfolio is now more evenly spread than 
before. As is expected, the composition of US Agency and Euro notes varies in the 
range of 20% and 10%, respectively. 
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Table 2.10  Efficient Portfolio under Positive-Weights and Bloc Constraints (S-3) 
No. Return (% p.a.) 
Std 
(% p.a.) USAG USA EUR NEUR JPN 
1 5.30 2.95 20.0 50.0 10.0 13.1 6.9 
2 5.54 2.98 20.0 50.0 10.0 16.2 3.8 
3 5.78 3.07 20.0 50.0 10.0 19.5 0.5 
4 6.02 3.26 20.0 50.0 10.0 22.0 0.0 
5 6.25 3.64 20.0 50.0 10.0 20.0 0.0 
6 6.49 4.17 20.0 44.1 10.0 25.9 0.0 
7 6.73 4.73 20.0 36.5 10.0 33.5 0.0 
8 6.97 5.30 20.0 30.0 10.0 40.0 0.0 
9 7.21 5.95 20.0 30.0 10.0 40.0 0.0 
Source: Author’s calculation 
Notes: S-3 restriction is US notes restricted to be between 50%-70% of total 
weight, US Agency maximum 0f 20%, and Euro Notes restricted between 10%-
20% of total weight. 
To compare efficient portfolio under scenario 3 (S-3) with efficient portfolio 
under no constraint (S-1), positive-weight constraint (S-2), I draw the efficient 
portfolios under three scenarios as in Figure 2-3. 
 
Figure 2-3  Efficient Portfolio under Scenario 1, Scenario 2, and Scenario 3 
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The efficient portfolio under S-3 lies to the right side of the efficient portfolios 
under S-1 and S-2. It is reasonable since adding further constraint (with bloc 
constraint) reduces the portfolio’s performance. In addition, the return under S-3 also 
limited the range of feasible return from 5.3% to 7.21% compared to the range of 
feasible return under S-2 (from 5.07% to 8.39%). 
In the following, I will briefly run through the comparisons between the 
benchmark model (S-3) against various models (S-4 to S-9). The graphical results can 
be seen in the following figures. 
 




Figure 2-5  Efficient Portfolio under Scenario 3, 6, and 7 
These graphs show that scenarios S-4 through S-7 are inferior to the 
benchmark model S-3. The inferiority (of S-4 to S-7 relative to S-3) was because 
these scenarios produced a shorter range of feasible risk-return and / or produced 
efficient frontiers that have lower return given certain level of risk (i.e. the frontiers 
are lower than the S-3 frontiers). 
 
Figure 2-6  Efficient Portfolio under Scenario 3, 8, and 9 
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In contrast, the S-8 scenario (which imposes maximum allowable weight) and 
S-9 scenario (which imposes minimum allowable weight) is superior to the 
benchmark model. 
The result in Figure 2-6 is very interesting. Efficient frontier with S-8 that 
restricts the maximum side (upper bound) creates a better performance than the 
benchmark under S-3. Meanwhile imposing minimum limit (lower bound) under S-9 
is similar to portfolio under S-3. However, the feasible range of return under S-9 is 
longer in the lower rate of return. Under S-9, the feasible return is between 5.30% and 
7.21%. For S-8, the feasible return is in the range of 5.54% to 8.39%. 
Particularly, the limitation on the lower bound of portfolio gives more 
flexibility on the optimal allocation of assets than on the upper bound of bloc 
constraint (in this case I use US bloc and Euro bloc). It increases the performance of 
optimal portfolio by producing frontier with less risk (standard deviation) at any given 
level of return. 
Summary of the impacts of various constraints to portfolio risk and allocation 
are given in Table 2.11. Given the level of expected rate of return of 6.49%, I can 
compare the different risk of the nine models that I have considered thus far. 
Table 2.11  Comparison of Portfolio Risk and Weights at 6.49% Target Rate of 
Return (in % p.a.) 




S-1 133.2 -36.6 -7.4 13.6 -2.8 100 1.40 
S-2 74.4 0.0 0.0 25.6 0.0 100 3.77 
S-3*) 20.0 44.1 10.0 25.9 0.0 100 4.17 
S-4 20.0 42.6 10.0 27.4 0.0 100 4.19 
S-5 20.0 35.1 10.0 34.9 0.0 100 4.62 
S-6 20.0 44.1 10.0 25.9 0.0 100 4.17 
S-7 20.0 44.1 10.0 25.9 0.0 100 4.17 
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S-8 20.0 45.0 0.0 35.0 0.0 100 4.01 
S-9 20.0 44.1 10.0 25.9 0.0 100 4.17 
Source: Author’s calculation 
*) S-3 is a benchmark portfolio 
At a target return of 6.49%, the risk level of unconstrained model (S-1) was 
1.40%. Meanwhile, after restricting the efficient frontier with positive-weight 
constraint/no-short selling (S-2), the risk level is 3.77% (increases by around 130% 
compared to the benchmark risk level). For Bank Indonesia, S-3 scenario is roughly in 
line with the 2002 portfolio of Bank Indonesia (see Table 2.6). Under S-3, the risk 
level is 4.17%. 
In summary, from the above discussion I can conclude as follows: 
1. Without restrictions on short selling, the result is unreliable because the 
method puts excessive weights on portfolio with high return and small 
variance. Therefore, short selling activities need to be excluded even though 
doing so will decrease the efficiency of the frontier. 
2. Imposing only short selling restriction yields two important results. First, the 
constraint reduces the performance of efficient portfolio. Efficient frontiers 
with more restrictions lie to the right of the less restricted frontiers. Second, 
the restriction is still not enough to reduce the non-sensible overweight 
problem for Bank Indonesia (for example, US Agency weights remain at 
80%). Hence I need to impose further constraints. 
3. Adding more constraints shifts the frontier further to the right of positive 
weight frontier. These constraints (a combination of maximum and minimum 
allowable weights) lead to a more spread-out asset allocation across different 
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asset classes (which is more realistic for Bank Indonesia), but the feasible 
range of return is now smaller. 
4. The performance of efficient portfolio is lower when the maturity constraint is 
imposed. Hence, it is important that Bank Indonesia’s management does not 
impose maturity constraints for its AFS assets. 
5. Combining Euro and Non-Euro constraint does not improve the benchmark 
model. Neither does imposing the minimum constraint on assets. 
6. In contrast, imposing a maximum weight constraint does matter. S-8 slightly 
improves the benchmark performance in S-3. Hence, it is advisable to set 
restriction on the upper bound limit both for Euro and US notes (including US 
Agency notes) to get better performance than the benchmark under S-3. 
2.4.3 Efficient Frontier under Uncertainty 
Recent works by Jobson and Korkie (1980) and by Michaud (1998), suggest 
that most of the perceived weaknesses in the Markowitz’s approach is caused by the 
failure to approach portfolio analysis in stochastic terms. 
Using the return data obtained in the Section 2.3, I calculated the efficient 
frontier for different subsets of the same data set. Starting with the full data set, 
observations are incrementally reduced by one year (12 observations), followed by 
recalculations of the implied efficient portfolios for each resulting data set. For 
example, I discard the final one-year data from the original data and denote this data 
set as “to 05/03” and draw the efficient frontier under the no-short sell constraints. I 




Figure 2-7  Efficient Frontier under Different Data Period 
With different data set, each data set generates its own efficient frontier. The 
result, given in Figure 2-7, shows six efficient frontiers corresponding to various data 
sets. At 6% return (for example), there are six (6) corresponding risk levels. 
Inherently, this also implies six different optimal portfolio weights under each optimal 
portfolio set. 
Figure 2-7 shows that from most of the efficient frontiers all data sets lie to the 
left side of “All data” frontier, with the exception of the “to 05/00” frontier. This 
result suggests that there is an increase in market volatility in the 2000-2003 periods, 
and is consistent with the statistical analysis shown in the sections 2.3 of this chapter 
where standard deviation has increased in the last five years. Far more importantly, 
from this figure a conclusion can be drawn that small changes in the input estimator 
(i.e. data set) can drastically change the weights of an optimal portfolio. 
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Consequently, there is a need to rebalance the portfolio due to the instability of 
traditional Mean-Variance analysis.17 
As has already been mentioned in the earlier part of this chapter, the instability 
of the Mean-Variance analysis necessitates an improvement to the Mean-Variance 
approach. Toward this end, Michaud showed a much improved portfolio performance 
through the introduction of the concept of resampling. The steps can be summarized 
as follows: 
1. Step 1: For a given set of data, the variance-covariance matrix, the mean, and 
their associated efficient frontier can be calculated. Each efficient frontier is 
constructed from the annualized rate of return that consists of 151 points 
(ranges from the minimum point to the maximum). I use 151 points to create a 
smooth the efficient frontier. Each point (a combination of risk and return) is 
associated with a weight combination of 15 assets. 
2. Step 2: By resampling the original data set, a new data set is generated, and 
thus efficient frontier can be calculated. This step is done many times, each 
time saving the result in a database. Thus, if I simulate 1,000 data path, I will 
have 1,000 efficient frontiers, each having 151 points. Since I simulate 1,000 
times, so from this step I generate 151,000 observations (1,000*151). As 
mentioned in the step 1, each observation is associated with a (15-elements 
weight vector). Therefore, from 1,000 simulations, a 3-dimensional matrix of 
size 15-by-151-by-1,000 is created. 
3. Using the obtained simulated risk-return data, the standard deviations are 
divided into several non-overlapping ranges. For each range, columns of rate 
                                                 
17
 As shown in Figure 2-7, each sample data period generates its own efficient frontier. Hence, in the 
case of bootstrapping the efficient frontier, different sample periods will also generate different 
bootstrapped efficient frontiers (i.e. different sample acceptance region, SAR). 
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of return data that are associated with risk in the range are drawn (see Figure 
2-8). In this Figure, for visualization purpose, the area under the efficient 
portfolio is divided into equally twenty (20) column rectangles for a given 
level of risk. On each rectangle, there are many simulated points. 
 
Figure 2-8  Column Rectangle in Sample Acceptance Region 
4. For each column, find the 100(1-α) percentile return point within the column 
rectangle. This is the sample acceptance return level associated with the given 
level of standard deviation. 
5. Doing point 4 across all column rectangles, one can find the set of sample 
acceptance’s return level that are associated with various level of standard 
deviation. The line that connects these points is the lower boundary of sample 
acceptance region. 
The area under the efficient frontier and the lower boundary as exhibited in 
Figure 2-9 is a bootstrap estimated for 80%, 90%, and 95% sample acceptance region 




Figure 2-9  Sample Acceptance Region with Bootstrap Method (using Column 
Rectangle) 
In Figure 2-9, the 80%, 90%, and 95% sample acceptance (SA) region are 
shown. Several things are clear from the figure. First, the data are relatively dense in 
the 3-5% range of standard deviation axis. As a result, the sample acceptance lines are 
relatively smooth in that region. Second, the 80% sample acceptance line is relatively 
smoother than its 90%-95% counterparts. This is due to the scarcity of data in certain 
column rectangles. Hence when not enough data is available, the 95% percentile point 
is interpolated, resulting in the jagged appearance.18 Since the data dense in the 
efficient portfolio in the 3-5% standard deviation axis, it makes the 80% sample 
acceptance line smoother because the more data are available to be picked up than the 
90% or 95% sample acceptance lines. 
For further analysis, the usage of 80% SA seems more applicable as a 
benchmark in the investment process because it is more stable than 95% SA.   
                                                 
18
 One possible way to make the appearance looks smoother is to use larger column rectangles. 




With respect to bootstrap simulation as exhibited in Figure 2-9, the associated 
return for efficient portfolios under S-3 is 6.255% at a given risk level of 3.641% 
(Table 2.12). Meanwhile the associated return for 80% SA is 6.074%. For 90% and 
95%, the associated returns are 5.822% and 5.719%, respectively. This table will be 
particularly useful for analyzing whether a current portfolio lies within or outside a 
chosen confidence level. 
Table 2.12  Resampled Efficient Portfolio for Various Confidence Intervals 
Return: 
No. Risk: 
S-3 80% CI 90% CI 95% CI 
1 3.546 6.207 6.059 5.869 5.757 
2 3.641 6.255 6.074 5.821 5.718 
3 3.738 6.302 6.129 5.975 5.804 
4 3.845 6.350 6.162 5.882 5.823 
5 3.953 6.397 6.195 5.973 5.852 
24 4.062 6.445 6.233 5.939 5.862 
25 4.172 6.493 6.233 5.974 5.869 
26 4.282 6.540 6.311 6.173 5.915 
27 4.393 6.588 6.338 6.016 5.858 
28 4.505 6.635 6.406 6.288 5.983 
29 4.617 6.683 6.460 6.114 5.908 
30 4.730 6.730 6.491 6.210 5.947 
31 4.843 6.778 6.517 6.152 5.848 
32 4.957 6.825 6.563 6.119 5.894 
33 5.071 6.873 6.570 6.104 5.879 
34 5.186 6.921 6.505 5.984 5.811 
35 5.303 6.968 6.650 5.957 5.808 
36 5.423 7.016 6.601 5.988 5.821 
37 5.546 7.063 6.401 5.828 5.689 
38 5.670 7.111 6.674 5.891 5.786 
39 5.806 7.158 6.514 5.876 5.757 
40 5.955 7.206 5.953 5.653 5.488 
Source: Author’s calculation 
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It is also instructive to see what the result imply in terms of asset’s weights. 
Table 2.13 provides the weights of each asset in the portfolio given a certain rate of 
return. For example, at 5.88% rate of return the Table 2.13 shows the weights of the 
80% sample acceptance region (SA) and the weights from the Mean-Variance 
analysis. As is expected, the risk level at the 80% SA (3.37% per year) is indeed 
bigger than under Mean-Variance analysis (3.13% per year). This is because the 
sample acceptance region lies to the right / below of the efficient frontier. 
It is also interesting because, in this position, the weight on asset in Euro1 (1-3 
year maturity) may range from 2.9% (under MV) to 10% (under 80%SA), assuming 
the expected return is at 5.88%. Similarly, for US notes with 1-3 years of maturity 
(US1) can deviate from 43.6% to 50%. The range for other assets can be read from 
the table. Clearly, wide range of asset’s weights is consistent with the same level of 
expected return. At these ranges, there is no need to rebalance the portfolio. 
Table 2.13  Comparison of Asset’s Weights 
 At 80% SA MV Analysis 
Return 5.88% 5.91% 5.88% 5.91% 
Risk 3.37% 3.26% 3.13% 3.16% 
EUR1 10.0% 3.4% 2.9% 0.9% 
EUR2 0.0% 0.0% 0.0% 0.0% 
EUR3 0.0% 6.6% 7.1% 9.1% 
NEUR1 20.0% 0.0% 19.9% 20.0% 
NEUR2 0.0% 20.0% 0.0% 0.0% 
NEUR3 0.0% 0.0% 0.0% 0.0% 
US1 43.6% 50.0% 50.0% 50.0% 
US2 6.4% 0.0% 0.0% 0.0% 
US3 0.0% 0.0% 0.0% 0.0% 
JPN1 0.0% 0.0% 0.0% 0.0% 
JPN2 0.0% 0.0% 0.0% 0.0% 
JPN3 0.0% 0.0% 0.0% 0.0% 
53 
 
 At 80% SA MV Analysis 
Return 5.88% 5.91% 5.88% 5.91% 
Risk 3.37% 3.26% 3.13% 3.16% 
USAG1 0.0% 20.0% 20.0% 20.0% 
USAG2 20.0% 0.0% 0.0% 0.0% 
USAG3 0.0% 0.0% 0.0% 0.0% 
Source: Author’s calculation 
While Michaud used column rectangle, one can alternatively use row 
rectangle using the same procedure. In the row rectangle approach, I divide the rate of 
return from simulated data into several non-overlapping ranges. Then for each range, 
rows of rate of standard deviations that are associated with returns are drawn. Figure 
2-10 exhibits sample acceptance region using row rectangles. 
 
Figure 2-10  Sample Acceptance Region (Row Rectangle) 
Figure 2-10 shows that the result is similar to that of column rectangular. As in 




Finally, the results from column and row rectangle cases are combined to see 
the overlapping area from two sample acceptance regions. The smoother 80% sample 
acceptance region shows that there are wide over-lapping areas that belong to both 
row and column rectangles. However, they are not quite the same especially on both 
ends of the efficient frontier. This result qualifies the assertion made by Michaud 
(1998, p.43). 
Specifically, Figure 2-11 shows that the row rectangle is more precise in the 
upper-right area of the efficient frontier (high risk – high return area). In contrast, the 
column rectangle is more precise in the lower-left area of the efficient frontier (low 
risk – low return area). Hence, if Bank Indonesia wants to concentrate of the low risk 
– low return strategy, it should use the column rectangle method. 
 
Figure 2-11  Comparing Sample Acceptance Regions (Row and Column Rectangles) 
The method in choosing between row and column rectangles remains an 
imprecise one, and is an interesting venue for further research. Currently, one can 
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only visually detect the differences between row and column rectangles. We are not 
aware of any formal statistical test that is designed for this kind of question. 
One important difference between this study and Michaud’s study is in terms 
of data generations. Michaud clearly used Monte Carlo simulation approach by 
assuming that the new data set is taken from a multivariate-normal random. This 
thesis’s approach, on the other hand, takes new data through resampling (taking data 
with replacement from the original data). 
To enrich the analysis on the sample acceptance region, I use data generation 
method as used by Michaud, and compare it with the resampled data. The result of 
sample acceptance region using multivariate random normal can be seen in Figure 
2-12. 
 
Figure 2-12  Comparing 80% Sample Acceptance Regions (Monte-Carlo versus 
Bootstrap Method) 
In this figure, Monte Carlo simulations are run 1,000 times. Figure 2-12 and 
Figure 2-13 shows that both methods yield similar results. However, I believe that this 
56 
 
thesis’s result is more robust as it is not dependent upon the normality assumption 
made by Michaud (1998). 
It is true that some efficiency may be lost when a non-parametric 
bootstrapping method is compared against multivariate-normal Monte Carlo 
approach. However, there are growing bodies of literatures in finance showing that 
financial data are not normally distributed. Some of the alternative distributions 
include student-t, GED, and the members of the Stable-distribution, most of which 
exhibited Fat-tail phenomenon. For a discussion on this, see Barndorff-Nielsen, O.E., 
Mikosh,T. and Resnick, S.,ed.(2001). 
 
Figure 2-13  Comparing 90% Sample Acceptance Regions (Monte-Carlo versus 
Bootstrap Method) 
2.5 Summary and Conclusions 
This thesis investigates one aspect of Bank Indonesia’s strategy in managing 
and improving its reserves portfolio. The basic theoretical framework employed in 
this thesis is the Markowitz’s Mean-Variance analysis, further supplemented by the 
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identification of relevant constraints and by the application of the resampling 
methods. 
The data in this study come from price indices of Merrill Lynch Global 
Government Index consisting of indices of US bloc, Pan- Europe bloc (Euro and non-
Euro bloc), and Japan. The data spans the period from October 1993 to May 2004. 
From data analysis in Section 2.4, I have constructed portfolio constraints that 
are relevant to Bank Indonesia. Using asset allocation as at December 2002 as the 
benchmark data, this thesis initial task is to figure out the suitable constraints that can 
replicate the benchmark data. Constraints such as no short selling constraint, maturity 
constraint, lower- and upper-bound constraints are considered in this thesis. 
To get a realistic result, the portfolio allocation starts with the actual asset 
allocation as at December 2002. This currency allocation is set as a basic allocation. I 
proceed through several scenarios (S-1 through S-9) and found that the S-3 model 
represents the basic portfolio allocation. 
The basic settings for the S-3 model are as follows. The total weights that can 
be allocated to US (and US Agency notes) are limited to the range of 50-70% of total 
assets. The maximum allocation to US Agency notes is also limited to 20%. Finally, 
limit the Euro notes is set at 10-20% of total weights. 
Armed with the benchmark model S-3, I proceed to further attack the inherent 
instability of the efficient portfolio. For this, the method of Jobson and Korkie (1980) 
and Michaud (1998) are used. Several key issues are investigated. First, the statistical 
equivalence region (SAR) using the bootstrap method is calculated. Second, a 
comparison is made between the usages of row- versus column-rectangle in the 
calculation of the SAR. Third, I also compare the result between the bootstrap method 
and Michaud’s scheme that uses parametric Monte Carlo simulation. 
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Judging from the result in data analysis in Section 2.4, there are several 
contributions that can be used by Bank Indonesia to tackle problems in reserve 
management. 
First, to improve performance of Bank Indonesia in reserve management 
process, it is advisable to implement Markowitz’s Mean-Variance optimization with 
careful considerations to portfolio constraints. Empirically, I found that restrictions on 
currency allocation for US and Euro play the most important role for Bank Indonesia. 
Other restrictions only provide marginal contributions to the frontier’s efficiency. 
Second, I also found that if Bank Indonesia wants to achieve a higher return 
then imposing a maximum weight constraint on US and Euro notes. Upper limit is 
preferable to imposing both upper and lower limit constraints. Thus S-8 shifted the 
efficient portfolio upwards. 
Third, Bank Indonesia should not consider putting a maturity profile for its 
AFS portfolio. Imposing maturity profile as part of AFS restrictions only serves to 
lower the portfolio’s efficiency. Bank Indonesia should use its cash and the HTM 
portfolio for debt, while allowing the AFS to provide yield enhancement for overall 
portfolio return. 
Fourth, to reduce the needs of frequent portfolio rebalancing, Bank Indonesia 
should consider using sample acceptance region. As long as the weight of the bank’s 
portfolio still within the sample acceptance region, the bank does not need to 
rebalance its portfolio. By doing this, Bank Indonesia can potentially reduce 
transaction cost which currently stand at around 0.22% of its asset in AFS. The result 
shows that the area under 80% sample acceptance regions is smoother than the area 
under 90% or 95% sample acceptance region. The jagged appearance of the 90% and 
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95% SAR make them less precise guides for policy purposes, hence I suggest using 
the 80% SAR. 
Fifth, there are two methods that can be used to create a sample acceptance 
region: row versus column rectangles. In this thesis, these two approaches yield 
similar results in the middle part of the efficient frontier. They, however, differ 
substantially on both ends of the frontiers. The row rectangle is more precise in the 
upper-right area of the efficient frontier (high risk – high return area). In contrast, the 
column rectangle is more precise in the lower-left area of the efficient frontier (low 
risk – low return area). Hence, if Bank Indonesia wants to concentrate of the low risk 
– low return strategy (such as in the case of down-side risk portfolio which will be the 
subject of the next chapter), Bank Indonesia should use the column rectangle method. 
Sixth, the simulation result also shows that both the bootstrap and the 
multivariate-normal methods of generating the sample acceptance regions are roughly 
equivalent. However, I believe that this thesis approach is more general since it does 
not impose an assumption of multivariate normality. 
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CHAPTER  3 
 
BOOTSTRAPPING THE BANK 
INDONESIA’S SAFETY FIRST MODEL 
 
 
This chapter discusses the application of the downside-risk framework in Bank 
Indonesia foreign reserve management. This thesis proposed methods used by Roy 
(1952) and Kataoka (1963) that are compatible with Bank Indonesia’s preference to 
preserve capital. These two approaches are preferable compared to Telser’s model 
that leads to a high-risk investment profile. Further, the resulting safety-first model is 
bootstrapped in order to get a more precise result on the efficient portfolio allocation. 
The result shows that the two downside-risk models can improve reserve management 
strategy in Bank Indonesia’s portfolio. 
3.1 Introduction 
In portfolio selection model, risk is often represented by standard deviation of 
assets’ portfolio. Nevertheless, there are criticisms against this approach. The main 
argument against this approach is that such theory treats standard deviation 
symmetrically. In other words, a high volatility of portfolio returns treats both 
downside and upside fluctuation similarly. In contrast, some investors would treat a 
downside as risk. 
In 1952, Roy used only the downside potential movement of prices (instead of 
the whole volatility) as the relevant measurement of risk. Roy’s approach, also known 
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as safety-first approach, emphasizes on limiting bad outcomes rather than on 
maximizing utility. Roy proposed the best portfolio as one with the smallest 
probability of making return below a specified level. Another related approach, 
proposed by Kataoka in 1963, strives to “maximize the lower limit of capital subject 
to a constraint that the probability of return be less than (or equal to) the lower limit is 
not greater than some predetermined value” (Elton and Gruber, 1995, p. 237). Telser 
proposed yet another approach to this problem in 1955.  In his paper, Telser (1955) 
maximizes expected return of a portfolio given a shortfall probability and lower limit 
of capital. Finally, an approach known as the shortfall-risk optimization was 
introduced by Leibowitz and Henriksson (1989). According to these two authors, 
shortfall constraint is a minimum return that must be exceeded with a given 
probability. In a related development, Leibowitz and Kogelman (1991) measure 
downside risk by the shortfall probability relative to a minimum return threshold. 
3.1.1 The Downside Risk and Bank Indonesia 
The downside risk becomes a relevant and important issue for Bank 
Indonesia’s foreign exchange reserve management. The Act no. 23 of 1999 
concerning Bank Indonesia stipulates that the capital of Bank Indonesia shall be at 
least IDR 2 trillion (currently roughly equivalent to around USD 220 million). 
Further, the law requires that BI’s capital must be increased to reach up to 10% of 
total monetary liabilities. Total monetary liabilities is defined as money in circulation, 
current account of the Indonesia Government, current account of commercial banks 
(reserve requirements), other accounts, certificate of Bank Indonesia, and loan to the 
governments. In 2004, the amount of monetary liabilities was IDR 406 trillion, thus 
requiring IDR 40 trillion of capital. The outstanding of Bank Indonesia’s capital in 
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December 2004 was 7.78% of total monetary liabilities, or IDR 31 trillion. Hence, the 
capital must be increased by 2.22%, or IDR 9 trillion.  
The source of this additional capital, according to the law, shall come from 
BI’s general reserves, revaluation of fixed assets, and 90% of retained earning. (The 
remainder 10% of retained earning will be allocated to statutory reserves).19 
Article 62 Act No. 23 year 1999, which has been amended by Act No. 3 in 
2004, mentioned that general reserves are to be used to increase Bank Indonesia’s 
capital. In contrast, statutory reserves will be used to finance the replacement and/or 
renewal of fixed assets, the procurement of required equipment, and to improve the 
quality of human resources, as well as to build other investment that relates to Bank 
Indonesia’s tasks. 20 
For historical comparison, the development of ratio of capital to monetary 
liabilities from 2001 until 2004 is as follows:21 
                                                 
19
 The Act No.3 year 2004 regarding the Changes of Act No. 23 year 1999 stated that 90% of current 
surplus will add Bank Indonesia’s capital until the problem on Liquidity Credits (BLBI) which 
accounted for IDR 144.5 trillion have been settled. 
20
 Due to the participation of Bank Indonesia at Bank for International Settlements (BIS), Statutory 
Reserves can also be used for permanent impairment, if it is needed. 
21
 Calculation on source of capital addition uses 90% of current year surplus to get better comparison 
of the ratio in every year. 
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Table 3.1  BI’s Capital and Its Monetary Liabilities, 2001 – 2004 (in billion IDR) 
Items 2001 2002 2003 2004 
Capital 2,948 2,948 2,948 2,948 
General Reserves 8,233 20,584 22,581 23,616 
Fixed Asset 
Revaluation Reserves 4,871 4,865 4,662 4,662 
Current Year Surplus 17,645 2,852 1,478 421 
90% of surplus 15,880 2,566 1,330 379 
Total 31,933 30,965 31,522 31,606 
Monetary Liabilities 353,232 394,742 390,885 406,100 
Ratio of Total to ML 9.04% 7.84% 8.06% 7.78% 
Source: Bank Indonesia’s Annual Financial Statements (2001-2004) 
 
Table 3.1 shows that the current year surplus items of which foreign exchange 
reserves income contribute substantially (although the details remain confidential). In 
order to fulfill the law, it is very important for Bank Indonesia not to lose money from 
foreign exchange reserve management since it will hamper the effort to achieve the 
10% capital base. In practice, Bank Indonesia annually sets minimum acceptable 
return for the annual budget. Return that fall below the minimum acceptable return 
will affect the availability of funds for other objective or plan, especially to achieve 
the target level of capital of 10% from monetary liabilities. Hence, to enhance this 
capital to reach 10% of monetary liabilities, the issue of downside risk becomes very 
relevant for Bank Indonesia. 
Given the problem as stated in the previous paragraphs, the relevant questions 
for Bank Indonesia become: 
1. Should Bank Indonesia set a downside-risk framework for its foreign reserves 
portfolio in order to obtain lower risk exposure compared to the usual Mean-
Variance approach? Is the difference between the two approaches substantial? 
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By calculating the downside-risk approach and comparing the outcome with 
the Mean-Variance approach a better answer can be given to these important 
questions. 
2. If the downside risk framework is deemed suitable, then this research strives to 
also investigate the appropriate downside risk model to use. Specifically 
comparison between the Roy’s and the Kataoka’s models will be made. 
These are relevant issues to Bank Indonesia, yet have never been addressed 
thus far. Hence, this research provides a direct contribution to the policy debate within 
Bank Indonesia. Further, the result of the thesis’s computation may have direct 
relevance to the foreign reserve management in other emerging market’s central 
banks around the world. Finally, to the best of my knowledge, a comparison between 
the downside-risk and Mean-Variance approach in the context of data resampling has 
never been addressed. This is another contribution of this research to the literature. 
3.1.2 Structure of the Thesis 
To address these issues, this thesis will be divided into four sections. The first 
section, this section, introduces the possibility of applying the downside-risk on Bank 
Indonesia’s foreign reserve management. Section 1 also introduces problem to be 
addressed. Section 2 is a literature survey on the downside risk approach. In this 
section, I discuss the safety-first models from Roy (1952), Kataoka (1963), and Telser 
(1955). The third section contains a brief review of the data to be used in the analysis 
and computational algorithm. 
In Section 4, computational result of the downside-risk application in Bank 
Indonesia’s foreign reserves portfolio will be presented. In this section, I initially use 
Roy’s approach. Since Bank Indonesia is very concerned with the effort to cope with 
the probability of a disaster the Roy’s criterion intuitively matches with Bank 
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Indonesia’s reserve management effort to maximize return subject to some 
predetermined shortfall probability and disaster level. Another approach by Kataoka 
will be considered as well. The comparison between the downside-risk model using 
the Roy’s and the Kataoka’s approach will be provided as well in the Section 4. 
Finally, the final section (Section 5) will discuss the policy implication as well as 
contributions of the safety-first by these two approaches to the reserve management in 
Bank Indonesia. 
3.2 Theoretical Foundation 
In the Markowitz’s’ Mean-Variance portfolio theory, utility maximization 
approach can be used only if the existence of normally distributed asset returns and 
the existence of quadratic utility function are satisfied (Ingersoll, 1987, pp.95-96). 
These assumptions are very stringent. An alternative to the Mean-Variance theory is 
the safety-first model where optimal portfolios are constructed without the need to 
consider the form of utility function of the investors (Elton and Gruber, 1995, p. 231). 
In this alternative model, rather than go through the calculations based on the 
expected utility theorem, investors concentrate on avoiding the bad outcomes. In other 
words, investors try to limit the risk of bad outcomes. Portfolio choice based on 
safety-first model and its related family of models is the topic of this thesis. 
In the section 3.2.1, portfolio selection using the safety first model will be 
presented. Several researchers who wrote early papers about the basic principles of 
safety-first criteria were: Roy (1952), Telser (1955), and Kataoka (1963). Roy’s paper 
on safety-first criterion was published only several months after Markowitz’s article 
on the Mean-Variance analysis in 1952. Roy’s idea regarding the investors’ safety-
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first principle was the main motivator for the downside risk theory that was developed 
later.22 Several extensions to the basic models will be discussed also in this section. 
It is also important to know the implementation of downside risk measurement 
in Bank Indonesian as well as several other central banks. This will be discussed in 
section 3.2.2. Finally, the last section (section 3.2.3) discusses the contribution of this 
thesis to the general financial literature and reserve management in Bank Indonesia. 
3.2.1 The Safety-First Criteria 
Three models are associated with the safety-first model. Although these 
models will be further elaborated in the next few sections, it is useful to provide a 
brief review here. The first model which was developed by Roy (1952) deals with the 
efforts of minimizing the probability that a portfolio return may fall below a pre-
specified target. The second safety-first model was developed by Telser (1955). In 
Telser’s model, he maximizes expected return of a portfolio subject to the constraint 
that the probability of actual portfolio return smaller than the lower limit is less than, 
say, 5% (Elton and Gruber, 1995, p.235). The third safety-first model was proposed 
by Kataoka (1963). In Kataoka’s model, the objective is to maximize a lower limit of 
portfolio return, subject to the same constraint as proposed by Telser (1955). 
These concepts can be confusing. To elaborate, some notations are needed. 
LR will be denoted as the lower bound of portfolio returns from the point of view of 
an investor, while PR represents portfolio return, and the mean return is Pµ . The 
probability of a “disaster” (i.e. return lower than LR ) is denoted by α. With these 
general notations, one can proceed to the Roy’s safety-first criterion. 
                                                 
22
 Nawrocki (1999) wrote that the influence of Roy’s paper in the development of downside risk 
measure was also recognized by Markowitz. In his paper, Markowitz (1959) mentioned that 




A. The Roy’s “Minimum α” Safety-first Criterion. 
Commenting on the maximization of expected utility as written by von 
Neumann and Morgenstern (1944), Roy (1952) mentioned that expectations are 
generally framed in a vague manner because one does not have precise knowledge of 
all possible outcomes in the future. Assuming the existence of a certain functional 
form of utility function leads to a theory that is simpler but often lacks practicality and 
applicability (Roy, 1952). Hence, Roy (1952) proposed a simple and plausible model, 
which he called as safety-first model because it is designed to reduce the possibility of 
disaster. 
Suppose the investment manager strives to achieve a goal that the return of a 
portfolio ( PR ) shall not fall below a certain threshold level of return ( LR ) that he/she 
can bear. In mathematical terms, Roy’s model can then be written as: 
Minimize )( LP RRP <          (4) 
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αK is the upper quantile of the standard normal distribution with probabilityα . As an 
illustration, the value of αK  is 1.645 at the 5 percent level in the normal distribution 
table. 








, which can then be rearranged into 
PLP KR σµ α+= ,          (8) 
which is a linear function relating risk of a portfolio with the expected return of a 
portfolio. In this equation, LR become the intercept of a straight line while αK  is the 
slope of the line. 
A simple numerical example helps to clarify the implication of this equation. 
Assume investors have two choices of portfolio. Portfolio A has an 8% expected 
return and a 5% standard deviation, while portfolio B has expected return and 
standard deviation of 12% and 7%, respectively. 
Now assume that the investor wants to choose a portfolio having minimum 
chance of providing less than 5% rate of portfolio return. Then a simple calculation on 
portfolio A will show that the 5% return occurs at 0.6 times standard deviation below 
the mean 8% (this point/event has 27.43% probability). For portfolio B, the 5% rate of 
return will occur at 1 times standard deviation (associated with 15.87% probability). 
Clearly, investor will choose the B portfolio as it minimizes the probability of 
portfolio return falling below 5%. 
The Markowitz’s Mean-Variance analysis provides us with an efficient 
portfolio (i.e. efficient frontier) which gives similarly desirable portfolio choices. 
Using the Roy’s criterion, from the minimum acceptable return LR , one can draw lines 
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with varying slope (each line is associated with different αK ). The choice of optimal 
portfolio is the one where a line is tangent to the efficient frontier. 
 
Figure 3-1  Illustrating Roy’s Criterion  
B. The Kataoka’s “maximum LR ” Safety-first Criterion  
In 1963, Kataoka developed safety-first criterion by suggesting another 
approach. He proposed a maximization of the lower limit subject to the probability of 
the return less than, or equal to the predetermined value. Suppose the lower limit as a 
predetermined value is α , then the equation can be expressed as follows. 
Maximize LR            (9) 
Subject to α≤< )( LP RRP                   (10) 
Assuming that returns are normally distributed, and since the goal is to 
maximize LR , then the inequality can be written as equality. The constraint can then 
be written as: 
PLP KR σµ α+=                    (11) 
This equation looks similar to the Roy’s criterion. However, one important 
difference exists. In the Roy’s model, comparisons are made among many portfolios 
and one having the largest αK  (given LR ) is chosen. In the Kataoka’s criterion, αK  is 
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already predetermined (for example, αK that is related to the 5% probability), and 
portfolio that exhibit the largest LR  is then chosen. Using the Kataoka’s criterion, one 
can draw lines having common slope but different intercepts (each line is associated 
with different LR ). The choice of optimal portfolio is the one where a line is tangent to 
the efficient frontier. 
An example will make this clear. Suppose, as in the previous example, an 
investor has two portfolios: portfolio A has an 8% expected return and a 5% standard 
deviation, while portfolio B has expected return and standard deviation of 12% and 
7%, respectively. Now assume the investor setα to be 5% (then the z-value associated 
with this 5% probability is approximately 1.645). 
 
Figure 3-2  Illustration of Kataoka’s Criterion 
Portfolio A has LR  value at -0.255, while portfolio B’s LR will be 0.485.
23
 
Thus according to Kataoka’s criterion, the investor will choose portfolio B since it 
gives him/her the highest LR  value. Please note that both approaches (Roy’s and 
Kataoka’s) give the same answer (i.e. portfolio B).  
                                                 
23
 The 5% (one-tail) event is associated with the z-value of 1.645. Hence, applying the formula 
directly and obtain 8% - (1.645)*5% = -0.225. 
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C. The Telser’s “Maximum µ” Safety-first Criterion  
Another safety-first criterion was proposed by Telser (1955). Telser’s model is 
the following: 
Maximize Pµ                      (12) 
Subject to α≤≤ )( LP RRP                   (13) 
Elton and Gruber (1995 pp. 238-9) explained the model as: 
“..  to maximize expected return, subject to the constraint that the probability of a 
return less than, or equal to, some predetermined limit is not greater than some 
predetermined number.” 
In other words, the Telser’s model imposes an upper limit on αK  (the slope of 
the line) and fixes the intercept of the line ( LR ). This combines the characteristics of 
the Roy’s and Kataoka’s criteria into one single model. More detailed mathematical 
explanation is given in APPENDIX A5. 
 
Figure 3-3  Telser’s Criterion 
The optimal portfolio is chosen from among the feasible region (i.e. below the 
efficient frontier) and above the Telser’s line (Figure 3-3).  The chosen portfolio will 
be the one with the maximum rate of return within the feasible area. In Figure 3-3, 
point B is the maximum rate of return.  
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Unfortunately, even though it combines both Roy’s and Kataoka’s criteria, it 
is possible that the Telser’s criterion becomes so stringent that no feasible region 
exist. In this case, there is no intersection between the Telser’s line and the efficient 
frontier, as can be seen in Figure 3-4. 
 
Figure 3-4  Telser Criterion with No Feasible Region 







= , and the efficient frontier constraints can be written algebraically as 
follows: 
Maximize Pµ                     (14) 

















                  (15) 
Where: 
ω  = vector of portfolio weights  
ω T = transposed weight vector 
Ω = covariance matrix 
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pµ = mean return of a portfolio 
LR  = minimum acceptable return 
2
Pσ  = variance  
αK = the quantile (z-value) of the standard normal distribution with probability of α. 
There are several comments to the safety-first criteria. Pyle and Turnovsky 
(1970) showed that portfolio with Telser’s safety first criteria will lead to a less 
conservative portfolio than portfolio that uses either a “minimum α investor (Roy’s 
criterion)” or a “maximum z (Kataoka’s criterion)”. From Figure 3-3, Telser’s 
criterion chooses B even though it has large risk (less conservative). Further, Telser 
safety-first approach selects a portfolio with a larger mean and larger standard 
deviation compared to the other two approaches (see APPENDIX A5). Another 
interesting result from Pyle and Turnovsky (1970) is the observation that the 
relationship between the Mean-Variance-approach and safety-first approach breaks 
down when the investors hold a risk-less asset. 
D. Some Extension to the Safety First Criteria 
After introducing the Mean-Variance analysis in 1952, another contribution to 
modern portfolio theory was proposed by Markowitz (1959). His article about the 
minimum downside risk for investors was based on two arguments. First, Markowitz 
reiterated Roy’s (1952) claim that only downside risk is relevant to investor. Second, 
asset return may not be normally distributed. Markowitz (1959) proposed two 
important distinctions between: (A) a semi variance computed from the mean return – 
which he called as ‘below-mean semi variance’; and (B) a semi variance computed 
from a target return – which he called as ‘below-target semi variance’.  
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Approaches to downside risk were also developed by Bawa (1975). He was 
the first researcher to relate the lower partial moment (LPM) to a general family of 
below-target risk measure. Bawa (1975) developed the LPM model and proved that 
LPM is mathematically related to stochastic dominance for different kind of risk 
tolerance (Nawrocki, 1999). Sortino and van der Meer (1991) also wrote about the 
downside risk and used minimum acceptable return as the minimum return.  
Using Roy’s model, Leibowitz and Henriksson (1989) proposed the concept of 
“shortfall constraints” as a minimum return that investors want to achieve at certain 
specified probability value. Using a normal distribution assumption, Leibowitz and 
Henriksson (1989) used various levels of confidence limits (such as 90%, 95% and 
97.5%) as a floor to manage minimum allowable return. While holding the minimum 
return constant, they examined the impact of various confidence limits on the 
maximum expected return for a hypothetical efficient frontier.  
Leibowitz and Kogelman (1991) measured the downside risk by specifying 
both the threshold and shortfall probability to determine a shortfall constraint. Using 
the shortfall constraint, the investor can determine which portfolios can satisfy the 
minimum return requirements with a given probability (Leibowitz and Henriksson, 
1989).24 
3.2.2 Downside Risk in BI and Several Other Central Banks 
To get higher returns, various central banks are broadening their investment 
universe to get more return. However, the economic environment exposes central 
banks to a great volatility created by interest rate volatility, exchange rate volatility, 
stock market volatility, and commodity market volatility (Dowd, 2002). Therefore, 
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the broadening the investment universe should go hand in hand with a further 
strengthening of the risk management functions (ECB, 2004). 
In the last few years, more central banks developed risk management unit into 
more comprehensive function. A publication by the European Central Banks (2004) 
showed that different central banks have unique systems in managing risk. Each 
central bank has different approach in managing the risk. For illustration, the Hong 
Kong Monetary Authority (HKMA) implements well-defined delegation of authority 
in managing risk. Downside risk approach is one of the approaches has been used by 
the HKMA to measure the critical investment performance criteria to control overall 
portfolio risk parameters in order to meet investment objectives (ECB, 2004). HKMA 
also uses downside risk as a constraint in the portfolio management. In another 
example, the central bank of Israel implements duration shortfall approach in 
managing its the portfolio using 95% confidence interval that it will not fall below a 
certain threshold. 
The ECB’s publication shows that almost all central banks utilize Value at 
Risk (VaR) as a risk measurement of their portfolios. The central banks use different 
VaR limit (95% at 1-month horizon for HKMA and 99% for central bank of Czech 
Republic).25 
From the discussion in the previous section, it can be seen that managing 
downside risk has been used widely.26 Indeed, Bank Indonesia is using the Value-at-
Risk model since 2001 to control the market risk, given available portfolio allocation. 
                                                 
25
 The Bank of Israel uses yield to maturity such as 3 months T-Bills to calculate a neutral duration 
over the entire period. 
26
 Sortino and van der Meer (1991) mentioned that Shell pension fund in Netherlands used shortfall 
constraint in managing its portfolio. 
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To supplement this, Bank Indonesia may use the safety-first approach to 
determine the appropriate portfolio allocation in order to reduce the probability of a 
disaster.  
In this study, I discuss the implementation of downside risk as a constraint in 
Bank Indonesia’s foreign exchange reserve management. In combination with the 
efficient portfolio that has been discussed in the Chapter 2, I will apply and compare 
both the Roy’s and Kataoka’s model of downside risk. 
The implementation of the Telser’s model is not considered in this thesis for 
two reasons. First, optimal solutions in Telser’s model for the benchmark S-3 often 
give empty sets. Second, when comparisons are made between the Roy’s, Kataoka’s, 
and Telser’s models in unrestricted portfolio model (S-1), it is found that Telser’s 
solution leads to a very large amount of short-selling activities, in addition to a higher 
risk (the optimal solution lies on the upper-right part of the efficient frontier). This is 
clearly incompatible to Bank Indonesia’s investment profile. More details on the 
result can be found in APPENDIX A6.  
3.2.3 Contributions 
There are several areas where this essay will provide contributions:  
1. Quite different from the majority of other papers in applying the safety-first 
criteria, this empirical study incorporates a bootstrapping method to obtain its 
results. This approach is expected to lead to a more robust result.27 For 
example, this research can help Bank Indonesia to narrow down the range of 
desirable efficient portfolio, and hence can yield a guide to allowable range of 
asset allocations of its portfolio that are consistent with the safety-first criteria. 
                                                 
27
 In fact, to the best of my knowledge, I have not been able to find other studies that combine the 
safety-first approach with bootstrapping methodology. 
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2. Since the safety-first criteria help to reduce the probability of disaster in Bank 
Indonesia, this study contributes to the improvement of risk management 
policy in Bank Indonesia (which can be useful to other central banks).28 The 
safety-first result, when combined with the result 2 from Chapter 2 (regarding 
sample acceptance region, SAR) can provide an indicator of whether it 
remains desirable for Bank Indonesia to maintain active daily transactions in 
reserve management. 
3. This research can provide an empirical link between Roy and Kataoka’s 
criterion. The existence of such empirical link shows that the choice of a 
criterion may be a matter of subjective preference. 
3.3 Data Sources and Data Construction 
This section very briefly discusses data sources and data construction that will 
be used in the empirical part for this thesis. More details can be found in Chapter 1 
and APPENDIX A1 of this thesis. 
In line with of the guidelines to preserve capital and maintain sufficient 
liquidity, Bank Indonesia invests in sovereign bonds issued by major developed 
countries such as United States, Euro countries, and non-Euro countries such as 
Japan, United Kingdom, Denmark, Sweden, and Switzerland. Recently, Bank 
Indonesia started investing in government agency notes issued in the US and some 
European countries. 
To represent these instruments, this thesis uses the Merrill Lynch Global 
Government indices. The major reasons for this choice are public availability, 
accessibility from a Bloomberg terminal, data availability for a sufficiently long 
                                                 
28
 So far, Bank Indonesia only maintains general approach on risk control such as minimum credit 
rating, country risk and maximum global limit approach. 
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period of time, and transparent constituents of the index. The dataset include five 
groups of countries (the US, Japan, Euro, non-Euro, and Agency). Further, fixed 
instruments in each group were divided into three classes according to different 
maturities (1-3 years, 3-5 years, and 5-10 years). Hence, the dataset consists of a 
portfolio comprising of 15 assets. 
Despite the fact that many of the original constituents of the indices were 
quoted in different currencies, I decided to use indices that represent their US Dollar 
equivalent. Data in USD term is more relevant to Bank Indonesia since USD is the 
base currency for the bank’s balance sheet. 
Another important piece of information is in deciding the benchmark portfolio 
model to use in the simulation. In Chapter 2, comparisons among nine different model 
specifications (S-1 through S-9) were made. However, the model S-3 was preferred 
because it reflects Bank Indonesia’s policy in foreign exchange reserve management 
and also because it roughly reflects the bloc allocation of Bank Indonesia’s portfolio 
at October 2002. Again, the reader is advised to consult Chapter 2 of this thesis for 
further details and analysis. 
3.4 Data Analysis 
This section discusses empirical results on optimum portfolio allocations in 
Bank Indonesia under safety-first models. As was previously mentioned, the safety 
first models stem from cases when decision maker concentrates on the possible 
occurrence of bad outcomes rather than on maximizing the expected utility. The 
construction of portfolio with various safety-first models will be elaborated in Section 
3.4.1. Two models using safety-first criteria will be used in this analysis: Roy’s 
(1952) and Kataoka’s models (1963). In this part, I also discussed parameter setting 
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for each model in Bank Indonesia reserve management. The results of simulation 
under the two safety-first models will be described in Section 3.4.2 and 3.4.3. Finally, 
comparison between these two approaches will be discussed in sub-Section 3.4.4 
3.4.1 Construction of the Safety-First Models 
Under the Roy’s criteria (1952), the most crucial part in the modeling is to 
determine the minimum risk level that is desirable. I argue that this minimum level is 
tied to Bank Indonesia’s objective. These are two reasons why a certain minimum 
level should be chosen by Bank Indonesia. 
First, under the independency of Bank Indonesia, the bank must achieve a 
minimum capital level at 10% of monetary liabilities. Since the bank’s capital in 
December 2004 was, at 7.78%, still well below total monetary liabilities, negative 
return must be ruled out in Bank Indonesia’s asset management reserves.  
Second, to maintain the value of foreign exchange reserves, Bank Indonesia 
must cover expenses on foreign exchange reserve management. Table 3.2 elaborates 
the bank’s revenue and expenses in foreign reserve management in the past five years. 
Table 3.2  BI’s Revenues and Expenses in FX Management, 2000 - 2004 (in Billion 
IDR) 
No Items 2000 2001 2002 2003 2004 
1 Asset Side 284,909.8 290,166.7 283,769.4 309,991.6 352,537.5 
 Demand Deposits 5,300.0 11,235.4 4,879.6 2,333.6 10,530.2 
 
Time Deposits 61,544.9 69,063.5 53,833.3 56,822.7 59,178.3 
 
Marketable Sec 218,064.8 209,867.9 225,056.5 250,835.3 282,829.0 
2 Exch. Rate & 
Foreign Reserve 
Mgt Expenses 
8,015.6 5,667.9 8,487.8 3,560.1 3,024.8 
a. Reserve Mgt 3.4 3.8 4.4 4.9 22.4 
b. Foreign Loans & 
others 
8,012.2 5,664.1 8,483.4 3,575.3 3,002.4 
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No Items 2000 2001 2002 2003 2004 
3 Ratio of 2a. to 1 0.0002% 0.0001% 0.0038% 0.0065% 0.0153% 
4 Ratio of 2 to 1 2.8134% 1.9533% 2.9911% 1.1484% 0.8580% 
Source: Annual Financial Statements of Bank Indonesia (2000-2004) 
Table 3.2 shows that foreign reserves assets consist of demand deposits, time 
deposits and marketable securities. Marketable securities are placements in foreign 
exchanges, predominantly in US Dollar, GBP, Euro, and Japanese Yen. The ratios of 
reserve management expenses to foreign reserves assets of Bank Indonesia are around 
0.001 to 0.006% as provided in Table 3.2. The ratios of exchange rate and foreign 
reserve management expenses to total asset are also ranging from 0.858% to 2.9% 
during 2000 to 2004.  
Table 3.2 clearly shows that due to small size of the ratios, the level of the 
expected minimum return, or the bad outcomes, should also be set at 0 (zero) in the 
Roy’s model. 
In contrast to the Roy’s model where a minimum level of return is 
predetermined, the Kataoka’s model predetermine the minimum probability level of 
acceptable returnα  If α is set at 5%, then Bank Indonesia will allocate its assets in 
such a way that it may accept negative return level as long as it occurs with a 
probability of at most 5%. 
 In the Kataoka’s case, due to its highly subjective nature, it is unclear which 
probability level is acceptable to Bank Indonesia. There are two ways to proceed.  
First, I can pre-specify α  to be at 5%, 10%, or 15%, respectively. Second, since 
Roy’s 0% minimum return implies certainα , I can use this α  in the analysis of 
Kataoka’s model. This thesis’s simulation will cover both avenues. 
The detail of these calculations will be discussed in the next sub-section.  
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3.4.2 Statistical Analysis of the Simulation: Roy’s Criterion 
In calculating the Roy’s criterion, it is assumed that Bank Indonesia has a 
minimum level of return )( LR of 0%. Combining the 0% minimum return with the 
benchmark efficient frontier of S-3 (positive weight and bloc constraint efficient 
portfolio), one can search for the steepest line connecting the 0% return to the 
efficient portfolio. In other words, the solution algorithm searches for a tangency line 
to the efficient frontier. From this the α  value that is implicitly associated with the 
slope of this tangency line can be found. 
This process is bootstrapped for five hundred (500) iterations. For each 
iteration, there is a single point of tangency to the efficient frontier. Hence, 500 




















Figure 3-5  Bootstrapping the Roy’s Criterion for S-3 
Figure 3-5 showed that most of the 500 resampled points lie close to the 
efficient frontier. Bank Indonesia may choose the asset allocation of portfolio on each 
point especially the point that lies on the efficient frontier. These points accommodate 
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the objectives of the bank to obtain efficient portfolios while at the same time 
achieving the objective that the return of a portfolio )( PR  has a minimal probability 
of falling below the threshold level return LR  of 0%. 
Throughout the simulation, the maximum probability of negative return is 
4.39%, while the minimum probability of negative return is at 3%. Further, the 
resampling analysis shows that (on average) there is a 3.09% probability that the 
portfolio’s return can fall below zero percent. 
Table 3.3  The Statistical Results on Roy’s Criterion for S-3 
 Pµˆ  Pσ  αK  )1( α−  α  




















Table 3.3 also shows that while there is 3.09% probability of negative return, 
this strategy yields an average annualized return of 5.69% with a standard deviation of 
3.05%. Looking at Table 3.3, it is noted that the Roy’s portfolio allocation strategy 
would have, most of the times, which resulted in a return rate higher than 5%.  
In addition to S-3, the application of the Roy’s criterion under different 
scenarios will be reviewed as well. Earlier, S-8 and S-9 have been chosen as 
candidates, which will be compared against S-3 results. To briefly review, S-8 and S-
9 are actually superior to S-3 (but does not mimic Bank Indonesia benchmark data 
well). See discussion on Chapter 2 for more detail. 
Using the same assumption of zero percent minimum level of return )( LR , the 
efficient frontier of S-8 has (on average) a 2.33% probability that the portfolio’s 
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return is negative. Throughout the simulation, the maximum probability of negative 
return for S-8 is 3.07%, while the minimum probability of negative return is at 2.28%. 
Scenario S-9 shows better result than S-8. The average probability of 
portfolio’s return under 0% is only 0.40%, with a minimum and maximum probability 
of negative return at 0.39% and 0.46% respectively. Summary results of S-8 and S-9 
simulations are given in Table 3.4. 
Table 3.4  The Statistic Results on Roy’s Criterion for S-8 and S-9 
Results Pµˆ  Pσ  αK  )1( α−  α  
Scenario S-8:      



















Scenario S-9:     
 




















Table 3.4 showed the probability of disaster for scenario S-9 is smaller than 
for S-8. Hence, given the choice of S-3, S-8 or S-9, the bank should choose S-9 if the 
policy objective is to reduce the probability of negative return. 
3.4.3 Statistical Analysis of the Simulation: Kataoka’s Criterion 
In the Kataoka’s criterion, the probability level is set at 5%, 10%, and 15% in 
order to get the Kataoka’s “maximum LR ”. Again, the S-3 model is used (with 
positive weight and bloc constraint efficient portfolio) as the benchmark model. Given 
the choice of α , then one has a straight line with a fixed slope determined by α . 
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Hence, the task here is to find the intercept of the line (whose slope was determined 
byα ) that is tangent to the efficient frontier. 
The value of returns from using different probabilities (5%, 10%, and 15%) 
and scenario S-3 was given in the following table. 
Table 3.5  Maximum Lower Returns for Kataoka’s Criterion in S-3 (in % p.a.) 
LR  Prob. 5% Prob.10% Prob.15% 














Table 3.5 shows that if the probability of disaster is set at 5% or less, the 
average lower return will be 0.69%. When a higher probability level i.e. at 10% or 
15%, is chosen then the average lower return will be 1.82% and 2.59%, respectively. 
In a safety-first model, more stringent probability requirement in avoiding the 
bad outcome is associated with lower level of “disastrous” return. As probability 
requirement is relaxed (to 10% and 15%), the level of “disastrous” / threshold rate of 
portfolio return increases. In other words, less stringent probability requirement in 
avoiding the bad outcome is associated with higher level of threshold rate of portfolio 
return. This is just another restatement of a common case of “high-risk high return, 
versus low-risk low -return.” 
Figure 3-6 shows the simulated points in the three scenarios. Most points in 
the simulations lie close to the efficient frontiers. Unfortunately, simulated points on 
the 5% scenario overlap the 10% points. There is also an overlapping between the 
10% and 15% scenarios. Hence, for graph clarity purpose, I shift the simulated 
standard deviations of the 10% and 15% by 0.1% and 0.2% respectively (effectively 
























Figure 3-6  Bootstrapping the Kataoka’s Criterion with 5%, 10% and 15% 
Probabilities 
One feature of Figure 3-6 is also apparent. A comparison among the 
simulation points on each scenario shows that the range of expected return on the 5% 
scenario (simulation points 1) is narrower than the range of the 10% and 15% 
scenarios (simulation points 1 and 2, respectively). Such situation can be explained by 
the fact the 15% scenario (a less stringent requirement) leads to a wider solution space 
whereas solution to the 5% scenario has to be more constrained and hence lead to 
smaller range of expected rate of return. 
In reserve management policy, choosing a lower probability in avoiding bad-
outcome implies that BI’s choice in portfolio allocation becomes more restricted to a 
certain range of risk and expected-return. While this seems limiting, the benefit is that 
BI does not really need to change its portfolio often. This is especially true once I also 
consider the statistical equivalence of the portfolio region under consideration. 
Simulation results for scenario “S-8” and “S-9” (again, in combination with 




Table 3.6  Maximum Lower Return for Kataoka’s Criterion in S-8 and S-9 (in % 
p.a.) 
Lower Return Prob. 5% Prob. 10% Prob. 15% 
Scenario S-8:    













Scenario S-9:    














Table 3.6 emphasizes results obtained earlier. That is: increasing (i.e. relaxing) 
probability requirement leads to a bigger LR  (largest lower return). Comparing Table 
3.5 and Table 3.6, and assuming a 5% probability requirement, the Tables show that 
bigger LR  is found under the S-9 scenario. In other words, since rate of return falling 
below 2.02% is at most 5% in S-9, then the probability that return in the same 
scenario falling below 0.69% should be less than 5%. Therefore, S-9 is superior to S-3 
and S-8. 
3.4.4 Comparison the Roy’s and Kataoka’s Model  
In the earlier sub-sections, I have found there is an average 3.09% probability 
that the portfolio’s return can fall below zero percent. Now, suppose one go back to 
the Kataoka’s model and set the probability level at 3.09% (as opposed to the 5%, 
10%, and 15% that was done before). By doing this, one can empirically formalize a 
relationship and the equivalence of the Roy’s and Kataoka’s models. 
For this purpose, I also do the bootstrap for benchmark efficient frontier and 





















Figure 3-7  Bootstrap on Kataoka’s Criterion with 3.09% Probability  
Similar as before, Figure 3-7 shows that most points in the simulations with 
3.09% probability lies close the efficient frontiers. Again, consistent with this thesis’s 
previous findings on the Kataoka’s model, the result shows that the range of expected 
rate of return in the 3.09% probability is somewhat narrower than the 5% probability. 
A more stringent probability requirement restricts optimal choice. The implied 
minimum-return in the Kataoka’s criterion using 3.09% probability is given in the 
Table 3.7. Here, setting α  at 3.09% leads to the expected minimum return that is 
statistically very close to 0%. In Roy’s model, the minimum acceptable return is set at 
0% and one obtained α  at 3.09%. This is an empirical verification that both 
approaches yield similar results. 
Table 3.7  Lower Returns (RL) under 3.09% Probability on Kataoka’s Criterion 








Thus there is an empirical link between the Roy’s and Kataoka’s models. 
Another way to see their equivalence is to compare the asset allocations under the 
Roy’s and Kataoka’s method using the same probability level of 3.09%. Since the 
comparison can be made at many points, a single point on the efficient frontier must 
be chosen and comparison of the allocation weights of both approaches at that 
particular point is made. The expected rate of return is at 5.482% is chosen arbitrarily 
for this purpose. The asset allocations of these two methods are provided in Table 3.8. 
Table 3.8  Comparisons: Roy’s versus Kataoka’s Method (at return of 5.482%) 
No Assets*) 
Portfolio Weights 
(Roy’s and Kataoka’s 
Method) 
1 EUR1 10% 
2 EUR2 0% 
3 EUR3 0% 
4 NEUR1 14.96% 
5 NEUR2 0% 
6 NEUR3 0% 
7 US1 50% 
8 US2 0% 
9 US3 0% 
10 JPN1 0% 
11 JPN2 5.04% 
12 JPN3 0% 
13 USAG1 20% 
14 USAG2 0% 
15 USAG3 0% 
Notes: Number one addresses the term of maturity of 1-3 
years notes, number 2 of 3-5 years notes, and number 3 
of 5-10 years notes. 
Table 3.8 shows that the Roy and Kataoka’s methods generate the same asset 
allocations. These two methods put more weight (50%) on US Notes rather than on 
other portfolios. The composition of Non-Euro notes is 14.96%, and then the 
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allocation on Euro Notes is 10%. While for Japanese notes, the weight is only 5.04%. 
In general, any investment in short-term notes (1-3 years) looked more preferable than 
in long-term notes (3-5 years and 5-10 years), except for Japanese Notes. 
Delving further, I investigate the range of asset allocations under different 
safety-first model. As can be seen in Table 3.9 both safety-first models yield roughly 
similar asset allocations. Specifically this exercise found that: 
• The maximum and minimum weights of several assets are the same across most 
iteration. This indicates that the model constraints on Euro notes, US notes, and 
Agency notes are binding because in all models, the optimal weights are set at the 
borders of the allowable ranges. 
• Constraints on the Non-Euro and Japanese notes are non-binding. For example, 
the weights for Non-Euro notes can range between 8% and 20% in the Roy’s 
model. 
Again, note that the maximum and the minimum weights for the Roy’s and 
Kataoka’s results are quite similar to each other. 
Table 3.9  Roy and Kataoka Asset Allocations Ranges 
 ROY KATAOKA 
 max Min max Min 
EUR 10% 10% 11% 10% 
NEUR 20% 8% 20% 9% 
US 50% 50% 50% 48% 
JPN 12% 0% 11% 0% 
USAG 20% 20% 20% 18% 
Source: Author’s Calculation 
The policies and practical implications are simple yet important. Certainly 
there is an interest in Bank Indonesia to avoid bad outcomes, and Bank Indonesia can 
approach safety-first model using either one of the approaches (Roy’s or Kataoka’s). 
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This result suggests that choice in either approach is equivalent. On one hand, setting 
minimum acceptable rate of return at 0% (as in Roy’s model) seems to make sense in 
terms of BI’s financial planning. On the other hand, it is unknown which of the two 
approaches appeals to the top-level policy makers in Bank Indonesia. 
3.4.5 Comparison: the Safety First versus Mean-Variance Approach 
To give more insight, I also compare the asset allocation with the efficient 
frontier in the Chapter 2. In this regards, the previously used expected return of 
5.482% is used to get the asset allocation from Roy’s, Kataoka’s, and the benchmark 
of asset allocation (S-3).  The compositions of portfolio weights are as follows:  
Table 3.10  Asset Allocation under Different Methods (with Expected Return of 
5.482%) 
No Notes Roy Kataoka S-3*) 
1 EUR 10.00% 10.00% 10.00% 
2 NEUR 14.96% 14.96% 15.75% 
3 US 50.00% 50.00% 50.00% 
4 JPN 5.04% 5.04% 4.25% 
5 USAG 20.00% 20.00% 20.00% 
*) S-3 restriction is US notes restricted to be between 50%-70% of total weight, US 
Agency maximum of 20%, and Euro Notes restricted between 10%-20% of total 
weight. 
There are two points that can be addressed from safety-first method versus 
Mean-Variance approach. First, asset allocations between these two methods are not 
too different, and the difference should be statistically insignificant. These statistically 
insignificant differences are due to the bootstrapping. Table 3.10 shows that asset 
allocation from the Mean-Variance approach is not too different with the Roy’s and 
Kataoka’s safety-first model. Both Mean-Variance and safety-first approaches 
generate more weight on US Notes (50%), and the composition of Agency Notes is 
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20%. While the composition of Non-Euro notes is 14.96% compared to 15.75% in the 
Mean-Variance approach, and 5.04% compared to 4.25% for Japanese Notes. 
Second, compared to the Mean-Variance approach, Roy’s and Kataoka’s 
results give more information regarding the probability of disaster under any asset 
allocation. All possible asset allocations along the frontier are the efficient allocation 
according to the Mean-Variance analysis. However, the safety-first models limit the 
concentration of investors to a certain range of the efficient frontier. 
3.5 Summary and Conclusions 
This section provides a brief summary of the entire thesis, and is closed by 
several policy conclusions and recommendations. 
In Section 3.1 of this thesis, I note that the Act no. 23 of 1999 concerning 
Bank Indonesia stipulates that the capital of Bank Indonesia shall be at least 10% of 
total monetary liabilities. This provides an important motive for this thesis where 
Bank Indonesia, concerned with preserving its capital, may set safety-first as the main 
objective of Bank Indonesia’s reserve management. In other words, Bank Indonesia 
should set a downside-risk framework for its foreign reserves portfolio in order to 
obtain lower risk exposure compared to the usual Mean-Variance approach. 
In the Section 3.2, there is a short explanation about the source of data in this 
study.  As in the previous chapter of this thesis, the data come from price indices of 
Merrill Lynch Global Government Index consisting of indices of US bloc, Pan- 
Europe bloc (Euro and non-Euro bloc), and Japan. Data comes from the period from 
October 1993 to May 2004.  
After a short description of the data in Section 3.2, the chapter proceeded by 
discussing the basic principle of the safety-first criteria in Section 3.3. In this section 
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there is a discussion about: Roy’s (1952), Kataoka’s (1963), and Telser’s model 
(1955). An investor dealing with the effort of minimizing the probability that rate of 
return may fall below a pre-specified target can choose Roy’s method. The Kataoka’s 
model (1963) will be appropriate if the objective is to maximize a lower limit of 
portfolio’s return subject to the constraint that the probability of return less than, or 
equal to, a predetermined value. The third model, developed by Telser (1955), 
combines the characteristics of the Roy and Kataoka’s criteria into one single model. 
In Section 3.4, various simulations and calculation are conducted on various 
Safety-First models. The results point to several areas where this essay can provide 
contributions to Bank Indonesia. These contributions are listed below, in no order of 
particular importance:  
1) The usage of the Roy’s and Kataoka’s safety-first criteria contributes to 
the improvement of risk management policy in Bank Indonesia. For 
instance, using Roy’s safety-first criterion, the simulation in section 3.4 
shows that the bank has 3.09% probability for portfolio return to fall under 
zero percent return. If the bank wants to increase the lower acceptable 
return, then the bank must accept a bigger probability that return may fall 
below zero percent, or alternatively the bank must accept higher risk than 
before.   
2) There is an empirical link between the two safety-first models. Once this 
link is established, simulation on the Roy’s and Kataoka’s safety-first 
criteria generates the same asset allocations. Therefore, Bank Indonesia 
may choose whichever method that is easier to comprehend. If the bank’s 
approach is to preserve capital, then the Roy’s “minimum α” safety-first 
criterion matches with the bank’s objective. While, if the bank already has 
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decided on a certain probability limit, then maximization of the lower 
return by the Kataoka’s “maximum LR ” criterion is more applicable. 
3) Since Bank Indonesia must preserves capital, the specification of lower 
return will be more useful, suggesting the adoption of the Roy’s criterion. 
Further, the usage of Roy’s criterion seems more plausible than Kataoka’s 
criterion because the bank can set the disaster level more easily than to 
determine the level of probability requirement. 
4) Comparing the asset allocation from Roy’s criterion versus Kataoka’s 
criterion helps Bank Indonesia to set an appropriate level of probability 
requirement since this limit can be utilized as a floor to the bank’s 
portfolio. The floor limit can be used as a tool for risk management in 
Bank Indonesia. 
5) The result of this computation can be applied to the foreign reserve 
management in other emerging market’s central banks, especially for 
central banks that are concerned with the preservation of capital. Using 
Roy’s criterion, the banks may be alerted to the probability of losing 
money should they choose certain target level of return in advance. 
6) In contrast to the Mean-Variance approach, the usage of the safety-first 
criteria improves the risk management efforts of Bank Indonesia by 
directly addressing the probability of disaster in the following aspects: 
• In the regular (and bootstrapped) Mean-Variance frontier, it is unclear 
which part of the frontier should be chosen by Bank Indonesia. The 
safety-first model helps BI to narrow down the choice of the optimal 
frontier and hence narrow down the range of asset allocation. From 
Table 3.9, the range of asset allocation is zero for Euro, US, and 
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Agency by Roy’s criterion. For Non-Euro and Japanese notes, the 
range is 12% for these two notes. The range of asset allocation using 
Kataoka’s method is slightly lower than the Roy’s method that is 11% 
for Non-Euro and Japanese notes, and only 2% for Agency notes. 
Therefore, it is concluded that the range of asset allocation is very 
narrow. 
• Using safety-first criteria also help the bank to determine the best 
scenario among many scenarios. For example, under Bank Indonesia’s 
policy objectives, the bank can easily choose scenario for S-9 rather 
than S-3 in order to get lower risk profile. 
7) The narrower range of efficient frontier, when supplemented with a 
statistical equivalence region implies an even less need for costly frequent 
assets rebalancing. The first essay concludes that statistically equivalent 
region reduces the need for frequent asset rebalancing. Hence, it logically 
follows that since safety-first model is a smaller chunk of the 
(bootstrapped) efficient frontier, there is even less need for asset 
rebalancing. This will have implications for reducing the cost of reserve 
management. The direct cost that can be reduced will be the transaction-
related cost. The reduction in the indirect cost needs to include changes in 
the BI organizational structure that deals with reserve management. 
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CHAPTER  4 
 




This chapter investigates the possibility of adopting active portfolio 
management in Bank Indonesia based on the Fundamental Law of Active 
Management proposed by Grinold (1989). Given that Bank Indonesia is very 
concerned with capital preservation and also with the risk of its portfolio, this thesis 
emphasizes on the effort of measuring the effect of changing various model 
parameters on the volatility of tracking errors. Due to non-normality of the data, this 
thesis uses bootstrap confidence interval to test hypothesis whether the volatility of a 
benchmark model is statistically different from volatilities of various models with 
different parameters. 
4.1 Introduction 
There are two schools of thoughts with regard to security selections: passive 
management or active management. The theory of active management is based on the 
Fundamental Law of Active Management developed by Grinold (1989). Active 
manager will choose securities to outperform the benchmark, while passive manager 
will invest passively by following predetermined benchmark. Both approaches have 
strengths and weaknesses. 
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There is evidence that active investment manager may get profit from 
undervalued and overvalued securities even in the most efficient market like in the 
USA. The issue on the active portfolio is very relevant when benchmark is inefficient; 
on the other hand, a manager who believes in the efficient market hypothesis (EMH) 
will adopt passive management strategy. 
Grinold (1992, 1989) tested the efficiency of benchmark indices in five major 
countries (the United States, the United Kingdom, Australia, Japan, and Germany). 
Using Gibbon, Ross, and Shanken (1989) technique, Grinold (1992) showed that 
benchmarks are efficient only in Germany’s XDAX. These results, indeed, enhance 
the argument on active portfolio management. On the other hand, there is argument 
that passive managers find an easier, less risky, and cheaper way to track some 
selected market index. Instead of buying undervalued stocks, they buy every 
stocks/bonds in the appropriate securities market index (Francis and Ibbotson, 2002, 
p.55). 
In this thesis, I investigate the possibility of implementing active portfolio 
management in Bank Indonesia. The feasibility of implementing active portfolio 
management hinges on the choice of the model’s parameters and their effects on risk 
and volatilities. Hence, this thesis focuses on the asset volatility under active 
management using different parameter setting/assumptions. Using results from the 
study, there will be discussion on the possibility of using active investment strategy in 
Bank Indonesia to improve the current reserve management policy. 
The algorithm starts with the construction of a benchmark portfolio that is 
related to the market capitalization of bonds included in the portfolio. In the selected 
benchmark model, minimization of the tracking error variance under several 
constraints will be calculated. Those constraints include (among others) a requirement 
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that the portfolio deviation from the benchmark must be zero (over-weighting in 
certain assets must be compensated by under-weighting in other assets). The 
difference between active portfolio weights and market weights is called tracking 
error. 
Similar to the paper written by Jorion (2003) about tracking error volatility 
constraint, this thesis uses ex-ante restriction on the active portfolio management.29  
The computational model and steps to solve the model is based on the paper written 
by Ledoit and Wolf (2003). Detailed explanation of this model and computational 
steps are provided in section 4.2.2. 
A crucial issue in active portfolio management is ability to forecast. One 
important parameter of the model is the so-called alpha (α ). It depends on a constant 
known as the information coefficient (IC). The value of IC, in turn, depends on two 
factors: ex-ante information ratio (IR) that measures the ratio of expected level of 
annual residual return to annual residual risk, and the breadth (which is the number of 
independent active bets made by the manager in one year). Information ratio (IR) is 
the key concept in measuring the performance of fund manager (Grinold, 1989). As a 
point of reference, this thesis uses the information ratio of 0.5. In this regard, the 
higher the information ratio, the better is the performance of a manager. 
The initial step is to measure the volatility of excess weights in the benchmark 
model (a model which, in addition to tracking error constraint, allows only positive 
weights). In the next step, comparison will be made between the volatility of the 
benchmark model against other models which allows various currency restriction, 
various required target return, as well as various numbers of assets in the portfolio. 
                                                 
29
 Jorion (2003) maximizes expected return subject to tracking error volatility constraints while this 
thesis minimizes tracking error variance given expected return. 
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Before proceeding to the hypotheses testing between the volatility of the tracking 
errors in the benchmark model with other model, the normality of the tracking errors 
data should be checked. The result indicates that various efficient portfolios data have 
non-normal distribution hence bootstrapped confidence interval need to be used. 
Therefore comparison will be made between the standard deviation of tracking errors 
of benchmark model to the bootstrapped 95% confidence interval of tracking errors 
coming from model having different G. 
4.1.1 Active Management in Bank Indonesia 
Is it possible to introduce active portfolio management in Bank Indonesia? If 
so, what factors should be considered? 
1. What is the impact of active management on the volatility of assets? To 
investigate the possibility of implementing active portfolio management in 
Bank Indonesia, I need to choose appropriate benchmark as a yardstick by 
which I can consider various parameter alternatives available to Bank 
Indonesia. 
2. There are many alternatives (types of changes) that can be introduced to the 
benchmark model. This research assesses the volatility effects of changing the 
expected excess return (G) that Bank Indonesia imposes on its assets’ 
manager, the number of asset allowed in the portfolio, and restriction on the 
minimum/maximum amount of notes. From the simulation results, Bank 
Indonesia may determine which one is the most appropriate model to conduct 
active portfolio management. 
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4.1.2 Structure of This Chapter 
To address these issues, this chapter will be divided into four sections. The 
first section, this section, introduces the possibility of using active management in the 
reserve management of Bank Indonesia. Section 4.2 is a theoretical aspect and 
literature survey on the active management based on the Fundamental Law of Active 
Management (Grinold, 1989).  In this section, I also discuss the choice of benchmark 
model for optimization process. Section 4.3 contains a brief review of the data to be 
used in the analysis and computational algorithm. In Section 4.4, I present 
computational result of volatility of the benchmark’s tracking errors. I will also 
conduct simulation based on various models, and then compare them with the 
volatility of the benchmark model. Bootstrap confidence intervals will be used to 
determine whether there are differences between the standard deviation of benchmark 
model with standard deviations of various models. Finally, in Section 4.5, conclusions 
and policy recommendations for Bank Indonesia will be provided in order to improve 
the existing policy, especially in the area of active portfolio management. 
4.2 Theoretical Foundation and Literature Study 
Asset allocation policy provides two primary strategies: passive strategy and 
active strategy. In the passive strategy, the manager always holds each security 
exactly the same with the percentage outstanding in the market, or the manager 
matches his portfolio exactly with the benchmark. In the active strategy, the manager 
tries to beat the benchmark in order to pursuit excess return from a specified 
benchmark. The issue on the active portfolio is very relevant when benchmark is 
inefficient; on the other hand, a manager who believes in the efficient market 
hypothesis (EMH) will adopt passive management strategy. 
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Up to the present, there is no consensus among financial economist about the 
validity of EMH in the financial market. In efficient market, prices fully reflect 
available information (Fama, 1970). In his research using strong-form test, semi-
strong form test, and weak form test, Fama (1970) found extensive evidence to 
support efficient market model.30 However, several researchers such as Lo and 
MacKinlay (1999, pp. 6-7) argued that in reality there are many questions about 
efficient market that cannot be answered properly. For example, one reason to depart 
from the EMH is it cannot explain the reaction of investor to new information. Hence, 
overreaction of investors will push prices beyond fair or rational market value. 
Furthermore, Grinold (1992) observed that four out of five equity markets (United 
States, the United Kingdom, Australia, Japan) are not efficient. He used an F-test 
similar to the one used by Gibbon, Ross, and Shanken (1989) and found that there is 
possibility of outperforming benchmark portfolios. 
In spite of the strong debate about the existence of efficient market, this thesis 
investigates the possibility of implementing active portfolio management in Bank 
Indonesia. The formula for active portfolio management will be discussed in the next 
section. 
4.2.1 Active Portfolio Management 
In active portfolio management, the performance and the fee of investment 
manager is measured by his ability to beat a benchmark. The manager may have 
incentive to take more risk to increase the return. To counter this tendency, fund 
managers were often constrained by the imposition of tracking-error volatility. 
                                                 
30
 Strong-form test concerns with investor who have monopolistic access to any information related to 
the price formation. While semi-strong form test relates to information that are publicly available. 




Richard Roll (1992) pointed out the importance of tracking error volatility in 
assessing the manager’s performance despite the fact that minimizing the volatility of 
tracking error would not produce a more efficiently managed portfolio. Different from 
Roll (1992), Jorion (2003) showed that adding constraint other than tracking error will 
improve the performance of active portfolio. 
In the spirit of Jorion (2003), Ledoit and Wolf (2003) estimated the 
optimization problem of a fund manager by minimizing the tracking error variance 
with the addition of various constraints such as the imposition of expected excess 
return and the imposition of upper limit of assets’ weights. In this thesis, the Wolf and 
Ledoit (2003) approach is used (with more constraints added) since it is in line with 
the objective of a central bank to minimize the volatility in active portfolio 
management. The detail of the optimization model is provided in the next section. 
4.2.2 Optimization Problem 
The optimization problem can be expressed as follows: 


























                  (17) 
Where, 
xxT Ω  is tracking error variance 
x  is vector of tracking errors 
Ω  is covariance matrix of bond return index 
Mw  is vector of market weights 
c  is the upper bound 
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α  is vector of expected bond excess return 
G  is the manager’s target gain relative to benchmark 
1
r
 is vector of one 
In this case, the total portfolio weights is constrained to add up to unity, or 
11 =
v
Pw . Hence, since the position on total portfolio weights ( Pw ) must be the same 
as market weight ( Mw ) plus tracking error ( x ), or xww MP += , then the market 
weights also sum up to unity and the vector of portfolio deviations must sum up to 
zero, or 01 =
vT
x . The active portfolio manager may have positive and negative 
tracking errors position, but in total must be zero, or 01 =′
v
x . Due to the no-short-
selling constraint, the position of the portfolio weight must be positive, or 0≥Pw . 
Hence, the tracking errors must be Mwx −≥ . 
This problem needs to be solved numerically, and the details will be provided 
in next sections. At this stage it is notable that the numerical solution to the 
optimization problem needs the value of α , which in turn depends on several other 
parameters such as information ratio and volatilities. Grinold (1989) gives a generally 
used rule of thumb for finding theα . The formula is Alpha = Volatility * Information 
Coefficient * Score. 
Information coefficient (IC) can thought of as a signal quality which links 
forecasted versus realized active return. The higher the IC, the better is the signal 
quality (i.e. forecasted return gets closer to realized return). This is quite central to the 
theory of active management as espoused by Grinold (1989). Therefore, connection 
between the IC and the risk-return profile of the portfolio as well as the number of 
assets included in the portfolio need to be established. 
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Clarke, Silva, and Thorley (2002) started by maximizing a Mean-Variance 
utility function: 
2)( AAREU λσ−=                             (18) 
where, 
)( ARE is the expected return of the active portfolio 
Aσ  is the variance of active portfolio’s 
λ  is risk aversion parameter 
Expected return of active portfolio, given the individual expected return )( iα , 








)( α                              (19)  
Variance of active portfolio is defined as:31 
222 ∑∆= iiA x σσ                   (20) 
Substituting the definition of expected return and variance into the utility 
function U and taking derivative with respect to tracking error )( x∆  one obtain the 










ix                    (21) 
An aside here is important. Intuitively, lower λ  (risk aversion parameter) 
means that the manager is aggressive: λ is inversely related to the tracking error. Also 
                                                 
31
 This assumption of a diagonal variance-covariance matrix seems rather strong. In fact, our 
calculation shows that the off-diagonal elements of covariance matrices used in this chapter are not 
zero. Clarke, de Silva, and Thorley (2002) investigates this particular assumption and found that the 
expected return (and hence risks) of the active-weight portfolio now depends on a multiplicative 
scalar known as “transfer coefficient (TC)”, the value of which must be determined on a case-by-
case basis. However, for this thesis, Clarke, de Silva, and Thorley (2002, p.61) already said that, at 
least in the SP500 case, the diagonal assumption “seems to be an acceptable approximation.” 
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note that higher α  (expected return of individual assets) leads to higher tracking 
errors, higher expected return )( ARE , and higher active risk Aσ . 
Continue by substituting the optimal tracking error equation into the formula 




















λ                    (22) 
Further substituting the optimal λ into the optimal tracking error equation, the optimal 
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σ                   (24) 
Using Grinold’s fundamental law of active portfolio management (Grinold, 1998), 
alpha is the product of information coefficient (IC), volatility, and score: 






.                   (26) 
In this equation, IC has no subscript because it is assumed to be the same for all 































11 .                          (27) 
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stdstd                (29) 
Due to the zero mean property of iix σ





, the expected return of the active 
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Since ( ) )(std)(std,cov *
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σρ α stdstd)( *,                 (32) 
αρ ,x =1 because iix σ










σ1)(                    (33) 
Now define Information Ratio (IR) as the ratio between expected return of 
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Therefore, the risk-return profile of the portfolio (as summarized by IR) is 
now connected with IC and number of assets. This information will be useful in the 
attempt to conduct empirical studies. 
In the empirical study, the steps calculating α  are as follows: 
a. Start with a ‘raw forecast’, or tiraw , . 
tititi ueraw ,,, +=  
Where, 
tie ,  is the excess return of asset i during the period t 
tiu ,  is the noise terms which is independent of each other both cross-
sectionally and over time, and normally distributed with mean zero. 
To guard against biasedness of a single random draw of the noise term, Wolf 
and Ledoit (2003) suggest running the raw forecasting process at time-t 50 
times and average the result. 
b. Furthermore, the raw forecast is converted into ‘refined forecast’ of expected 
return by using: 
Alpha = Volatility × IC × Score 
• Volatility denotes the sample standard deviation of realized excess 













tiraw ,  is the sample raw forecast. 
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tiraw ,  is the sample mean of raw forecast over 40 months.32 
iraw,σ  is the sample standard deviation of raw forecast over 40months. 
• Finally, information coefficient (IC) is needed for calculatingα . The 
Fundamental Law of Active Management states that ex-ante 
information ratio (IR) is defined as the product of IC and breadth (see 
previous derivation). Breadth (BR) is the number of manager’s 
independent forecasts of exceptional return per year (Grinold and 
Kahn, 2000). Assuming the manager bets once for each portfolio asset 
in a month, hence the number of bets is twelve multiplied by the 
number of assets, or 12×N. 
BreadthICIR ⋅=  
From the equation as above, one get: 
BR
IRIC =  
Where, 
IR = Information Ratio (ex ante) 
IC = Information Coefficient 
BR = 12×N  
N = the number of assets 
c. Finally ex ante α  is used as one of the constraints in the optimization problem 
together with other variables to find the optimal tracking errors. 
Hence, to summarize, this model depends on several parameters. These parameters 
are Information Ratio (IR), Breadth (BR), portfolio target excess return (G). In 
                                                 
32
 Given that I only have a limited number of observations (around 140 months), I decided to calculate 




addition, the model depends on constraints imposed on the model (such as the non-
negative weight constraints). This thesis deals with the effect of changing these 
parameters and constraints, and studies their effect on volatilities of tracking errors. 
4.2.3 Methodology 
The investigation on the possibility of implementing active portfolio 
management proceeds in three stages. First step is determining the benchmark model 
for active portfolio management. To make the benchmark as close as possible to the 
market index, no constraints are imposed for asset allocation in the portfolio 
benchmark (other than the positive-weights constraints). Then, other assumptions are 
sequentially added to make the model as realistic possible to the nature of reserve 
management in Bank Indonesia. Also, (see Section 4.4.1 for further details on these 
assumptions) α  is calculated by assuming the information ratio of 0.5, the number of 
asset of ten, and the expected excess return over the market return (G) of 1% above 
market return. 
In the second step, many models are set up using different parameters to gauge 
the parameter’s effect on the volatility of each model. For example, I measure the 
volatility when the value of expected excess return is changed to 2% (higher than the 
1% benchmark value). 
In the third and final step, comparisons between the results in the second step 
with the benchmark model obtained in the first step are made. This final step is a 
hypothesis test of whether assets’ volatilities are similar between the two models. 
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Preliminary analysis shows that the sample data may not be normally 
distributed.33 This leads the research to consider the bootstrap confidence interval as 
an alternative method to test hypothesis. The advantage of the bootstrap is that it is a 
non- parametric method and hence one does not need to assume the distribution of the 
sample data. Specifically, as will be shown later, while the number of the data is 
sufficiently large (close to 100 points of data), the data is not normally distributed. 
Hence, the use of the bootstrap confidence interval is appropriate (Hesterberg et al., 
2005, p.31). 
Given the non-normality of the data distribution, the use of the BCa (bias-
corrected and accelerated) bootstrap method is proposed in this chapter. The bootstrap 
bias-corrected and accelerated (BCa) is an improvement over the regular bootstrap 
percentile interval. 
The key improvement lies in the fact that the BCa tries to cover the (say) 
desired 95% confidence interval most of the time while dividing the 5% misses 
equally between the lower and the upper area. 
The %100)1( α−  confidence interval using the aBC  method is as follows: 
)ˆ,ˆ()ˆˆ(: )*()*(
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33
 I use the Lilliefors test for normality test instead of the more familiar Jarque-Bera normality test 
because of small sample data available. 
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And 10 1 ≤≤ α  and 10 2 ≤≤ α .  
Φ  is standard normal cumulative distribution function, e.g. )645.1(−Φ  is 0.05. 
aˆ  measures the rate of acceleration of the standard error θˆ  (the acceleration factor). 
0zˆ  measures the difference between the median of the bootstrap replicates and θˆ  in 
normal units (bias correction). For example, if half of the bootstrap replicates are less 
than or equal toθˆ , then the median is not bias, hence the 0zˆ  is zero (Martinez and 
Martinez, 1993). 
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The acceleration parameter aˆ  is obtained from the jackknife procedure.  
Similar to bootstrap, jackknife has no parametric assumptions about the 
underlying population. A jackknife sample leaves out one observation from the 
sample as follows: 
nii xxxx ,,, 11,,1 KL +−  
The i-th jackknife replicate is given by: 
),,,( 11,,1)( niii xxxxtT KL +−− =  























nTSE .                (39) 
It is recommended that the number of bootstrap replicates is quite large in 
calculating the confidence interval. Martinez and Martinez (2002, p. 222) suggested at 
least 1000 iterations or more. Using actual data obtained from this model, 
experimentation on the subject shows that iteration larger than 4000 is necessary (See 
Figure 4-1). In the entire simulation exercises to be conducted below, 5,000 iterations 
are used. 
 
Figure 4-1  The Number of Bootstrap Iterations 
4.3 Data Sources and Construction 
Consistent with the previous chapters, the Merrill Lynch Global Government 
Indices is used in this chapter. As in the previous chapter, return index data and 
market capitalization data will be taken from Bloomberg. However, in this chapter 
longer time series and more assets are used. The data started from April 1994 and run 
until January 2006. There are seven types of government notes included in this thesis 
i.e. US Treasury Notes, Euro Notes, Non-Euro Notes, Japanese Notes, Australian 
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Notes, Canadian Notes, and US Agency Notes. Each of the assets has maturity ranges 
from 1-3 years, 3-5 years, until 5-10 years. Hence, 21 assets will be available. To 
standardize the measurement of each instrument, indices in US Dollar equivalent are 
used. Furthermore, the market weight will be taken from market capitalization of each 
related asset. From the 21 assets, I need to adjust the weight in order to get 100% total 
weight followed by sorting the result the lowest to the highest amount of market 
capitalization. Due to the price fluctuation of each note, the market weight data will 
also change dynamically. Initially ten assets will be used as the number of assets in 
the benchmark. Therefore, the assets in the portfolio will change accordingly in line 
with the amount of asset’ market weight. 
4.4 Empirical Results 
In this section I present empirical results on the volatilities of assets under 
different scenarios of active management. The first section presents a model that will 
serve as a benchmark for comparison with various models. In this section I will 
explicitly describe parameters that will be simulated throughout the section. One 
important result of this subsection is the lack of normality in the simulation results, 
prompting the use of bootstrapping as the preferred method in conducting statistical 
hypothesis. 
This initial section is followed, in turn, by simulation on various expected 
excess return required from fund managers and also simulations number of assets 
under managements. The volatilities of these various simulations will be compared to 
the benchmark model. 
Finally, comparisons between assets’ volatilities when different restrictions 
are introduced into the benchmark model will be made. The results should provide 
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Bank Indonesia with some clue as to how various restrictions affect assets’ volatilities 
under active portfolio management. A short summary concludes this section. 
4.4.1 Benchmark Result 
To conduct comparisons among various models, a point-of-reference model 
(which I referred to henceforth as the benchmark model) is needed. In other words, 
comparisons among different simulations will be facilitated by the existence of a 
benchmark model. In this benchmark only the no-short-selling constraint is used. 
In addition to the positive-weight constraint (no short-selling because Bank 
Indonesia deems it as very risky) several parameters need to be set at some 
predetermined levels in the benchmark model. One or more of these parameters will 
be varied during the simulations. These parameters are: 
• The desired ex-ante information ratio (IR). The IR measures the opportunities 
available to the active manager and in this thesis’s simulation it is initially set 
at 0.5. Grinold (1989) observed that the majority (approximately 75%) of fund 
managers use IR of 0.5 or less. In other words, only 25% of the active 
managers have information ratio (IR) above 0.5 for any length of time, and 
only 5% from active manager have IR of 1.5 over three years. The empirical 
results of Grinold’s study show that the distribution of before-fee IR is shown 




Table 4.1  Percentile of Information Ratio Users 






Source: Grinold (1989, p. 114) 
• The second parameter in the simulation is the expected excess return (G). The 
benchmark model use G at 100-basis points per annum. 
• Breadth (BR) depends on the number of assets. If a manager makes a bet once 
a month (for monthly data), then the number of bets that a manager can make 
per year is twelve times the number of assets. This is the typical number that 
has been used, for example, in Ledoit and Wolf (2003). 
• The final parameter that will be simulated in this thesis is the number of assets 
included in the portfolio. In the benchmark setting, 10 assets are chosen out of 
the 21 assets available in the sample, but this will be sequentially changed 
from eight up to seventeen assets. 
Using these parameters, the model is then fed into quadratic optimizer to 
compute the tracking errors vector of the benchmark model. The steps taken in 
constructing model can be outlined as follows: 
1. Choose 10 largest assets by market capitalization from the 21 assets available. 
Re-weight these 10 assets to make the combined total weights become 100 
percent. The new weight vector is dynamic due to changes in the market 
capitalization in each period. 
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2. Calculate the weighted return of the 10 assets that have been chosen in the first 
(previous) step. 
3. Find the matrix of each asset’s excess return (tracking error) in each period. 
Excess return is defined as the differences between the individual return of 
each of the 10-assets portfolio and the portfolio return of the 10-assets 
(obtained from step 2). 
4. Next, calculate α  (refined forecast of each asset’s return) by adding random 
noise to the realized excess return. The detail was already explained in the 
previous section. 
5. Finally, use the quadratic optimizer to minimize the variance of the tracking 
error subject to all the constraints and all the simulated parameters G, IR, and 
BR. The result of the optimization is the optimal tracking errors for each 
assets, or ix . 
This entire process resulted in distinct optimal active-weight asset allocation 
for each period in the sample (since the middle of 1997). The summary of the entire 
asset allocation will be presented in Table 4.3. Prior to that, the optimal allocation for 
December 2005 (one sample of the optimal allocation) will be first shown to present 
salient feature of this thesis’s model in anticipation of the full result. This date is 
randomly selected and only serves as an example. The details of the weights can be 
elaborated as follows: 
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Table 4.2  Market Weights and Optimum Tracking Errors (Dec. 2005) 
Assets Market Weights Opt. Tracking 
errors 
Total Port. Weights 
US1 11.61% 2.43% 14.05% 
US2 6.04% 4.05% 10.08% 
US3 6.39% 5.66% 12.05% 
EUR1 12.96% -5.12% 7.84% 
EUR2 10.05% 0.21% 10.26% 
EUR3 15.85% -12.28% 3.58% 
JPN1 8.12% -1.94% 6.18% 
JPN2 9.58% -0.99% 8.59% 
JPN3 13.62% -1.01% 12.61% 
USAG1 5.78% 8.98% 14.76% 
Total 100.00% 0.00% 100.00% 
Source: Author’s calculation 
Table 4.2 shows that the combined optimal tracking error is zero, implying 
that over-weightings in some assets must be compensated by under-weighting in the 
remaining assets. For example, the US1, US2, US3, EUR2, and USAG1 were all over 
weighted in December 2005. These positions are fully balanced by under-weighting in 
the remaining assets. 
From previous sections, portfolio weight was defined as market weight )( mw  
plus a tracking error )( ix . All the portfolio weights are positive, implying that the no-
short-selling constraint is satisfied. Further, portfolio allocations in December 2005 
are spread out among various assets, and hence are suitable for portfolio 
diversification process. The spreading out of many assets in the total portfolio weights 
is in line with Bank Indonesia’s objective to reduce risk involved in the fluctuation of 
certain notes. 
Statistical result of the benchmark model over all period of observation is 
summarized in Table 4.3. Please note that each monthly period have a corresponding 
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table similar to Table 4.2. Since it is impractical to reproduce all of the tables, hence 
in Table 4.3 presents the summary of statistics of all optimal allocations over the 
entire observation periods. 
Note that several assets never appeared in the optimal solutions, and hence 
their descriptive statistics do not appear in Table 4.3. The market capitalization of 
Australia and Canada are relatively small compared to other countries in the portfolio. 
Therefore, these countries are not selected as part of the 10 assets in the benchmark 
model from 21 assets in the portfolio. 
Others, such as US Agency, Japan, and Non-Euro notes enter and exit the 
portfolio at various times during available observations. For example in the last three 
years of the data (beginning the year 2003) the long-term US Agency notes were 
replaced by the Japanese notes in the benchmark model. Beginning the year 2000, the 
long-term Non-Euro notes were replaced by the short-term US Agency notes (with 
maturity of 1-3 years). This phenomenon was due to the price increase in the Agency 
Notes as well as new issuance of the notes that were sold in the market. 
Table 4.3  The Optimal Tracking Errors in the Benchmark Model (Statistical 
Summary over All Periods) 
Assets Mean Median Min Max St. Dev Skewness Kurtosis 
US1 -3.11% -3.80% -12.33% 15.72% 5.23% 0.89 4.14 
US2 3.15% 2.67% -6.40% 16.73% 4.69% 0.44 2.92 
US3 0.68% 0.13% -6.87% 16.13% 4.14% 1.18 4.88 
EUR1 -1.11% -1.10% -11.94% 16.56% 5.01% 0.69 3.92 
EUR2 2.53% 2.71% -10.00% 18.46% 5.32% 0.12 3.41 
EUR3 -3.59% -3.61% -13.77% 12.34% 5.62% 0.50 3.08 
NEUR1 -- -- -- -- -- -- -- 
NEUR2 -- -- -- -- -- -- -- 
NEUR3 1.53% 1.30% -3.98% 8.22% 3.01% 0.21 2.50 
JPN1 0.91% 0.20% -5.96% 14.02% 3.59% 0.76 3.82 
JPN2 1.06% 0.64% -8.73% 12.41% 3.95% 0.38 3.28 
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Assets Mean Median Min Max St. Dev Skewness Kurtosis 
JPN3 -2.21% -2.61% -11.81% 9.23% 4.61% 0.17 2.55 
AUS1 -- -- -- -- -- -- -- 
AUS2 -- -- -- -- -- -- -- 
AUS3 -- -- -- -- -- -- -- 
CAD1 -- -- -- -- -- -- -- 
CAD2 -- -- -- -- -- -- -- 
CAD3 -- -- -- -- -- -- -- 
USAG1 1.50% 0.29% -6.75% 10.45% 4.95% 0.35 1.88 
USAG2 -- -- -- -- -- -- -- 
USAG3 2.34% 2.94% -4.14% 8.64% 4.66% -0.10 1.55 
Source: Author’s calculation 
The final column in Table 4.3 describes standard deviations of the optimal 
tracking errors for each assets, or ix . This is a central variable in this thesis since 
standard deviation is commonly used as a proxy measurement of volatility. This is a 
very important issue because the active manager tries not only to outperform the 
benchmark, but must also be concerned with the risk involved in her / his activities. 
Table 4.3 shows that the tracking errors of all Euro Notes (EUR1, EUR2, and EUR3) 
are the most volatile in the benchmark portfolio. Further, among all the Euro notes, 
Euro notes with maturity of 5-10 years (EUR3) have the largest volatility. The most 
stable assets are the long-term Non-Euro notes (5-10 years maturity), with 3.01% 
monthly standard deviation. More will be said regarding standard deviations later in 
this thesis. 
Other important statistics are measures of central tendency. For symmetric 
distribution, the median and mean should be equal and located at the center of the 
data.34 Table 4.3, in contrast, suggests non-symmetrical distributions for several 
assets, hinting at non-normal data distribution. For example, the location of the 
                                                 
34
 It is symmetrical if the distribution has the same shape on either side of the center. 
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median of US1 is at minus 3.8%. The location of this median is on the left side of its 
mean of minus 3.11, implying that the distribution of US1 is positively skewed.35 
For good measures, the skewness and the kurtosis of all assets’ tracking error 
are also calculated. The results show all tracking error data are positively skewed 
data, except USAG1. Further, the data exhibited both peak and flat kurtosis. For 
example, the distribution of US1 is a peaked distribution with the kurtosis coefficient 
of 4.14, while USAG1 has flat distribution with the kurtosis coefficient of 1.88.    
This needs to be formally tested since without normality, regular statistical 
tests would lose most of its power. Hence, before proceeding to the next step to test 
the hypotheses testing and confidence interval related to the volatility of the optimal 
asset weights, test is needed to determine the normality condition for the optimal 
tracking errors for each assets, or ix . As the sample size is relatively small the 
Lilliefors test for normality will be used. 
The results (Table 4.4) show that most of the optimal weight’s distributions 
are normally distributed. The exceptions are US3, EUR1, JPN1, and USAG1 notes. 
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 If the distribution is highly skewed, it means that the means should not be used to represent the 




Table 4.4  Test on the Normality of Tracking Error’s Distributions 
Assets Normality Probability Value36 
US1 Yes 0.1387 
US2 Yes > 0.2000 
US3 No < 0.0100 
EUR1 No 0.0425 
EUR2 Yes > 0.2000 
EUR3 Yes > 0.2000 
NEUR1 – – 
NEUR2 – – 
NEUR3 Yes > 0.2000 
JPN1 No 0.0354 
JPN2 Yes > 0.2000 
JPN3 Yes > 0.2000 
AUS1 – – 
AUS2 – – 
AUS3 – – 
CAD1 – – 
CAD2 – – 
CAD3 – – 
USAG1 No 0.0247 
USAG2 – – 
USAG3 Yes > 0.2000 
Source: Author’s calculation 
The Table 4.4 shows that eight out of twelve assets considered in the table are 
normally distributed at significance level of 95%. On the other hand, four assets (US3, 
EUR1, JPN1, USAG1) are not normally distributed at 95% degree of confidence.  
Due to the non-normality distribution of the tracking error data in US3, EUR1, 
JPN1, and USAG1, and perhaps the existence of other non-normality in the other 
                                                 
36
 The Lilliefors test in Matlab only allows precise calculation of probability value between 1-20 
percent. Exact probability values outside this range cannot be determined. Nevertheless, the 
acceptance or rejection of the null hypothesis is clear from the computational result. 
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simulation yet to be performed, I propose to use the bootstrap method for doing the 
hypotheses testing regarding the volatility of benchmark to other scenario model. This 
method is used since it requires no assumption on the distribution of the data. The 
bootstrap method enables us to investigate and compare the differences in the 
volatility of optimal tracking errors between various models. 
4.4.2 The Effect of G on Tracking Error’s Volatilities 
The first simulation to be conducted in this thesis is to relate tracking error’s 
volatilities with expected excess return. Does higher expected excess return (G) 
induce more volatility? The method is to compare the standard deviation of tracking 
errors of benchmark model to the bootstrapped 95% confidence interval of tracking 
errors coming from model having different G. 
The result of changing the value of G is represented in Figure 4-2. The 
calculation results will be illustrated on nine assets (US, Euro, and Japanese notes, 
each with the range of maturities). In this thesis, G is incrementally increased by an 
annualized 20 basis points, starting from 0.2% up to 2%. Note that for the benchmark 




Figure 4-2  Volatility of Tracking Errors under Different Expected Excess Return (G) 
Looking at Figure 4-2 (and APPENDIX A7), it is clear that the standard 
deviations are very sensitive to the changes in G. Higher G generates higher standard 
deviation of tracking errors. For example, when the G increases from 0.2% to 2%, the 
standard deviation of tracking errors for US1 increases four-folds (from 2.3% to 
10.1%). Figure 4-2 shows that long-term US notes and Euro notes (US3 and EUR3) 
have the highest volatility compared to other notes.37 The EUR3 assets at G = 2% is 
47 times more volatile compared to when the G is set at 0.2%. 
Figure 4-2 yields important results that setting high G has significant impact to 
the tracking errors’ volatilities. Therefore, the simulation result provides a preliminary 
                                                 
37
 Although not presented here, I also found that the range of tracking errors get wider for higher G. 
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indication that active investment managers may set lower G if low volatility is her/his 
objective, or she/he may set higher G if return is the primary objective. 
While Figure 4-2 provides an initial clue, this needs to be formally tested 
using bootstrapped confidence intervals. In Figure 4-3 (and APPENDIX A8), the 
comparisons are made between the benchmark model’s standard deviation of tracking 
errors with the 95% confidence interval of the various alternative models. The lower 
point of bootstrap confidence interval (Low) is at the 5th position of the ordered list, 
and the upper point (Upp) is the bootstrap replicate in the 95th position. 
As was already mentioned in the section 4.2.3, the bootstrap bias corrected 
and accelerated interval (BCa) method is used to get the lower point (Low) and the 
upper point (Upp) to compare the volatility of benchmark model (at G is 1%) with G 
at 0.6% and 1.6%, respectively. 
The procedure to calculate the BCa interval is as follows: 
1. Given the random sample, calculate the standard deviation of each asset (θˆ ). 
2. Calculate the bootstrap sample with replacement from original sample to get the 
bootstrap sample ),.( 21 bbb xxx ∗∗∗ = L . This step yields bootstrap standard 
deviation of b∗θˆ . 
3. Repeat step 2 for 5,000 times. 



























































5. Find the lower endpoint of the confidence interval 1α quantile 1ˆαq of the bootstrap 
replicates. The upper endpoint is at the 2α  quantile 2ˆαq  of the bootstrap 
replicates, or )ˆ,ˆ()ˆˆ(: )*()*(
,,
21 αα θθθθ BBHiLoa IntervalBC =  
The null hypothesis (of no different volatilities) is accepted when the volatility of 
benchmark model lies in the confidence interval of model with various G. 
 
Figure 4-3  Hypothesis Test on Different Expected Excess Return (G) 
The null hypotheses testing on benchmark’s standard deviation of tracking 
errors with bootstrapped confidence interval of the various numbers G illustrates the 
rejection of the null hypotheses when G is changed from its benchmark value. These 
results confirm that the standard deviation of the benchmark model is different from 
other models with various G. 
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4.4.3 Changing the Number of Asset on Tracking Error’s Volatilities 
This section investigates the effect of changing the number of assets (from 
eight assets up to seventeen assets) allowed in the active portfolio. Here, as a 
reminder, the benchmark model has ten assets. The results are presented in Figure 4-4 
(and APPENDIX A9). 
 
Figure 4-4  Volatility under Different Number of Assets 
Note that volatility comparison can only be performed for assets that are 
included in the benchmark model (which includes only ten assets). These assets are 
US notes, Euro notes, Japanese notes, and short-term Agency notes (1-3 years 
maturity). As the number of assets in the portfolio increases, Non-Euro notes and 
longer maturity US Agency notes started to get included in the portfolio. 
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The most important result obtained from Figure 4-4 is that putting more assets 
into the portfolio does not appreciably change the standard deviations. Volatilities are 
almost the same (with a slight tendency for volatilities’ reduction). This condition is 
in line with the diversification principle to reduce risk. As a consequence, Figure 4-4 
suggests that active manager may invest in more assets without substantially 
increasing volatility of each individual asset. 
To formally test the changes in volatilities, again the bootstrapped confidence 
intervals are computed using different numbers of assets and then compared the result 
against the benchmark’s standard deviation. For example, here the calculation results 
for eight assets are presented, and twelve assets out of twenty-one assets in the 
portfolio as explained in Figure 4-5 (and in APPENDIX A10). 
Graphically, Figure 4-5 shows that the volatilities of several assets fall on the 
lower 95% band. The formal test (see APPENDIX A10, columns 2 through 4) shows 
that the volatility of some assets such as US2, EUR2, and JPN2 are not the same as 
the volatility of benchmark model. For these assets, the standard deviations of these 





Figure 4-5  Hypothesis Test on Differing Number of Assets (10 and 12 Assets) 
When the number of assets is increased to twelve, the volatility of assets in the 
benchmark model is statistically the same as volatilities of assets in the simulated 
model. In other words, increasing the number of assets does not statistically change 
volatilities of assets. This result holds when the number of assets was increased up to 
sixteen. The full result of increasing the number of assets (from eight up to sixteen 
assets) is presented in APPENDIX A10. 
4.4.4 Tracking error of Benchmark Model versus Constrained Model 
This section compares the volatility of optimal tracking errors of the 
benchmark model against a portfolio with currency bloc restriction. In other words, 
the alternative portfolios are where restrictions are put on the minimum and the 
maximum amount of notes in US Notes, Euro Notes, and US Agency notes as has 
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been done in the previous chapter. This is the S-3 model with the following 
constraints: 
• The minimum and the maximum amount of notes in US Notes lie within the 
range of 50 to70% of total portfolio, 
• The ranges of Euro Notes are 10% to 20% of total portfolio, and  
• The maximum US Agency notes is 20% of total portfolio. 
Again, the hypothesis test will be conducted by comparing the standard 
deviation of benchmark’s tracking errors with the 95% confidence interval of the 
alternative model (S-3). The rejection of the null hypotheses (Ho) means that the 
volatility of excess weights in the benchmark model (no S-3) is not the same as the 
volatility of excess weights with S-3. Also, since the data are known to have a non-
normal distribution (see the previous paragraphs), the bootstrapped 95% confidence 
interval of the standard deviation will be calculated again. 
Before proceeding to analyze Table 4.5 it is worth mentioning that the 
tracking-error’s volatilities of US assets are in general higher than tracking-error 
volatilities of other assets (except EUR2 and EUR3). 
Table 4.5  Comparison of Benchmark Volatilities and the Bootstrapped S-3 Model 
(95% Confidence Interval)  




Limit H0 Rejected 
US1 5.2% 9.9% 12.4% Yes 
US2 4.7% 11.6% 17.4% Yes 
US3 4.1% 8.9% 19.1% Yes 
EUR1 5.0% 2.4% 3.1% Yes 
EUR2 5.3% 3.0% 4.0% Yes 
EUR3 5.6% 3.4% 4.4% Yes 
NEUR1 – – – – 
NEUR2 – – – – 
NEUR3 3.0% 0.2% 0.4% Yes 
129 
 




Limit H0 Rejected 
JPN1 3.6% 3.7% 5.4% Yes 
JPN2 4.0% 3.7% 6.1% No 
JPN3 4.6% 5.0% 7.0% Yes 
AUS1 – – – – 
AUS2 – – – – 
AUS3 – – – – 
CAD1 – – – – 
CAD2 – – – – 
CAD3 – – – – 
USAG1 5.0% 2.7% 3.6% Yes 
USAG2 – – – – 
USAG3 4.7% 2.7% 5.0% No 
Source: Author’s calculation 
The result in Table 4.5 shows that the volatilities of tracking errors in the 
benchmark model lie outside the confidence interval of the standard deviation of 
tracking errors of the S-3 results. Therefore the general conclusion is to reject the Ho 
and conclude that the volatility of tracking errors in the benchmark S-3 model is 
different from the benchmark model. The exception to this conclusion comes from 
only two assets (JPN2, and USAG3). 
However, the result in Table 4.5 does not allow a stronger conclusion to be 
made regarding general assets’ volatilities. The S-3 restriction created more volatility 
on US treasury notes while at the same time induces less volatility for European 
assets. 
This outcome clearly suggests that choosing portfolio’s constraints have 
different impacts on the assets’ volatilities. For Bank Indonesia, since US assets 
played important roles in its portfolio, the calculation clearly suggests that putting S-3 
restrictions introduces more volatility into its assets management. Also, if volatility is 
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to be included into Bank Indonesia’s consideration for active management, evaluated 
then introduction of portfolio’s constraints must be considered carefully. 
To investigate the impact of restrictions to the volatility of tracking error, 
different types of relaxation of the S-3 model will be considered. Three different 
relaxations will be introduced to the S-3 model. 
• First, the restriction on S-3 is relaxed by allowing the dollar denominated 
assets (US treasury notes and US Agency) to be unrestricted. Previously, these 
assets were restricted to have a total weight between 50 to 70 percent of total 
portfolios. Other restrictions remain. 
• Second, the Euro notes are allowed to be unrestricted (from the previous limits 
of 10% up to 20%). The US notes restriction is reset to its original value while 
Agency restrictions remain. 
• Third, the US Agency notes are allowed to be unrestricted (whereas they were 
allowed to have maximum weight of up to 20%). Again, the US and Euro 
notes are reset back to its original value. 
From each step, the bootstrap confident intervals are calculated and compared 
against the standard deviation of the benchmark model. As was previously mentioned, 
the hypothesis is that the volatility of benchmark is the same as the volatility from 
other models. The calculation results are provided in the Figure 4-6 (also presented in 




Figure 4-6  Hypothesis Test on Various Assets’ Restrictions 
Figure 4-6 shows that the volatility of the benchmark model is statistically 
different from the model with no restriction on the US asset. In the second simulation 
(no restriction on Euro notes), the results are mixed. For example, the volatilities of 
US notes have increased but volatilities of US Agency notes are lower, all relative to 
the benchmark model. In the third simulation, the results show that volatilities of the 
US notes remain more volatile than the benchmark model. However, with the 
restriction on the weight of US Agency notes relaxed, the US Agency notes is now 
becoming more volatile relative to the benchmark. 
Figure 4-6 shows that different restrictions affect volatilities in different ways. 
Attempts are made to provide further analysis by comparing the mean value of 




Table 4.6  Comparison of Benchmark Volatilities and Modified-S-3 Model 







US1 100 159 229 199 211 
US2 100 152 315 297 288 
US3 100 171 209 296 288 
EUR1 100 73 97 59 54 
EUR2 100 56 115 69 64 
EUR3 100 55 95 69 68 
NEUR3 100 146 15 10 10 
JPN1 100 124 129 112 122 
JPN2 100 167 84 121 120 
JPN3 100 154 105 117 125 
USAG1 100 56 55 152 62 
USAG3 100 53 55 165 79 
Note: *) There is no restriction in asset allocation. 
Table 4.6 shows the volatility under different restrictions. Note that Table 4.6 
is designed to present the evolution of Tracking Error (TE) volatilities of each 
individual asset (compared to the TE volatilities in the benchmark scenario). In other 
words, TE volatilities for each asset at the benchmark is set at 100 percent. Hence it 
may not be used to compare absolute TE volatilities across assets.38 For example, 
Table 4.6 shows that the volatilities of US1 tracking error increase (relative to the 
benchmark) when restrictions on the model are imposed. In contrast, The TE 
volatilities of Euro assets are reduced (relative to the benchmark) when restrictions 
are imposed. 
The results from Table 4.6 can be described as follows: 
                                                 
38
 The case when TE volatilities of all assets across all scenarios are normalized (indexed) against the 
TE volatility of US asset in the benchmark scenario is given in Appendix 13. 
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• Relaxation on the weight of US assets leads to a more volatile TE in US notes 
and the Japanese notes. The Euro and Agency notes, however, become less 
volatile. 
• Relaxation on the weight of Euro assets continues to lead to more volatile TE 
in US assets, although its impact on the volatilities of Japanese notes is very 
mild. As in the previous case, the TE of Euro and Agency notes, however, 
become less volatile relative to the benchmark. 
• Relaxation on the weight of Agency assets continues to lead to more volatile 
TE in US assets. Now, the TE of US Agency and the Japanese notes are also 
more volatile relative to the benchmark. As in the previous two cases, the TE 
of Euro notes remain less volatile compared to the benchmark. 
• The S-3 model, which is a combination of the previous three restrictions, leads 
to more volatile TE in US notes and Japanese notes but leads to a less volatile 
TE in Euro and Japanese notes. 
The result is quite illuminating. The result suggests that Bank Indonesia 
should not impose restriction to each asset in the portfolio if US notes play as an 
important role in Bank Indonesia’s foreign exchange reserve management. Despite 
this, restrictions lead to less volatility on the Euro notes. Due to this condition, Bank 
Indonesia needs to carefully set its priority on the issue of important asset if the bank 
wants to implement active portfolio management. This computation result shows that 
there is a trade off between the volatility of US asset and Euro asset. 
4.4.5 Summary 
In this section I have detailed the effects of various simulations on assets’ 




• Active portfolio management, with only positive weights constraint, leads to 
diversified portfolio allocations. The spreading out of many assets in the total 
portfolio weights is in line with Bank Indonesia’s objective to reduce risk 
involved in the fluctuation of certain notes. 
• The benchmark result shows that the tracking errors of all Euro notes are the 
most volatile in the benchmark portfolio. Euro notes with maturity of 5-10 
years (EUR3) have the largest volatility. 
• Active assets’ weights are not normally distributed. Hence, hypotheses testing 
are conducted using bootstrap method. 
• Higher expected excess return required from active fund managers leads to 
higher tracking error’ assets volatilities. 
• Increasing the number of assets does not necessarily lead to higher tracking 
error volatilities of existing assets. 
• Introducing restrictions on portfolio affects tracking error’s volatilities 
differently. In most of the cases, the tracking error’s volatilities of US notes 
always increased when restrictions are introduced. Opposite to this, tracking 
error’s volatilities of Euro notes declined substantially under various 
restrictions. Hence, when the assets composition is as in this study, there is 
trade-off of volatilities. 
Conclusion and policy recommendation will be given in the next section. 
4.5 Conclusion and Policy Recommendations 
This chapter investigates the possibility of adopting active portfolio 
management in Bank Indonesia. It is an idea based on the Fundamental Law of Active 
Management proposed by Grinold (1989). Given that Bank Indonesia is very 
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concerned with not only the preservation of capital but also the risk of its portfolio, 
this thesis emphasizes on the effort to have low volatility while at the same time 
achieving the manager’s expected return. 
In this model, the variance of tracking error is minimized subject to constraints 
such as the desired ex-ante information ratio (IR), the expected excess return (G), and 
the number of assets included in the portfolio. All these information are fed into 
quadratic optimizer that in turn calculates how much each asset should deviate from 
the market weights. The steps are given in Ledoit and Wolf (2003) and Wolf (2006). 
To start, two important caveats are important. First, this study uses an ex-ante 
information ratio of 0.5 because it is the number often used in practice. Nevertheless, 
although it is outside the scope of this thesis, determining the appropriate ex-ante 
information ratio is very important because it will have an impact on the optimization 
process to calculate the tracking errors. Although unreported in this thesis, various 
calculations found that increasing the ex-ante information ratio often makes the 
quadratic optimizer fails to find optimal solutions. 
Also, this investigation is limited to only a maximum of 21 assets. From Bank 
Indonesia’s internal perspective, if BI is to assign its individual staff (or small groups 
of staffs) to manage Bank Indonesia reserves, this seems to be reasonable number of 
assets that individual staff can choose from. Although it is straightforward to extend 
the analysis to a larger number of assets, in reality it is difficult to do so because the 
limited availability of time series of sufficient length. Also, in addition to introducing 
assets not of great importance to Bank Indonesia, choosing a larger set of assets may 
cloud some of the clear conclusion obtained from this study. 
A proper comparison of volatilities among models requires the construction a 
benchmark model. In the benchmark model the information ratio (IR) is set at 0.5, 
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often know as the “good” manager scenario.39 The second parameter G is also set at 
100-basis point per annum required excess return. Finally, it is assumed that ten assets 
in the benchmark portfolio are chosen from twenty-one assets available. As in the 
previous chapter, a no short-selling constraint is implemented because it is very risky 
for the central bank to do otherwise. 
The simulation results by varying required excess return, changing the number 
of assets, and introducing various restrictions yield several policy recommendations 
for Bank Indonesia (and other central banks in emerging markets). These will be 
discussed in the rest of this section. 
The first recommendation is with regard to the expected excess return (G) that 
Bank Indonesia imposes on its assets’ manager. This study clearly indicates that G is 
positively linked to volatilities. Here Bank Indonesia must clearly and carefully 
consider its risk-return appetite when setting G since it has a large impact on the 
volatility of assets under its management. For example, since capital preservation is 
currently deemed as important, BI should impose lower G. However, since G can be 
used to monitor expertise of its (both internal and external) fund managers, then 
imposing lower G implies that BI must find other ways to monitor its fund managers’ 
performance. 
The second recommendation comes from simulation results which show that 
increases in the number of asset in the portfolio does not appreciably change the 
volatility of the tracking errors. Internally, these results are important if Bank 
Indonesia wishes to nurture its internal talent to do fund management. Junior internal 
staff can be initially given a limited number of assets to manage. As these staffs 
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accumulate experience and knowledge, they can manage a growing number of assets, 
knowing that assets’ volatilities do not change appreciably. 
The third recommendation deals with portfolio restrictions. Theoretically 
speaking, active portfolio management can be combined with assets’ restriction. 
However, the calculation results show that introduction of restrictions have the side 
effects of increasing the volatilities of some assets while reducing others. Specifically, 
restrictions always increase volatilities of US assets, while reducing volatilities of 
Euro’s and Agency’s assets. Nevertheless Bank Indonesia must seriously consider its 
effect on a case-by-case basis. For example, if Bank Indonesia policy is to allow a 
large share of US notes in BI’s reserves, then active portfolio management with S-3 
restriction should not be implemented because such restriction contributes to high 
volatility on active portfolio management. 
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SUMMARY OF FINDINGS 
 
 
In this thesis, several issues relevant to the reserve management in Bank 
Indonesia have been discussed. In the introductory chapter, the general objectives of 
central banks’ foreign exchange reserves were introduced. Similar to other central 
banks, Bank Indonesia focuses its investment strategy on three major themes: 
liquidity, preservation of capital, and rate of return. The importance of reserve 
management to get more return is getting more attention by various central banks, as 
well as Bank Indonesia, especially in the aftermath of the Asia’s financial crisis. 
While getting higher returns are needed, such activities must be balanced by risk 
control. This thesis deals with relevant methods to obtain more return, including 
active portfolio management, and also to curb the downside risks involved in 
managing reserves in Bank Indonesia.  
To conduct the analysis, this study utilizes price indices of Merrill Lynch 
Global Government Index that consists of US bloc, Pan- Europe bloc (Euro and non-
Euro bloc), and Japan from October 1993 to May 2004. In the final essay, Australia, 
and Canada are also included in addition to the above country’s data. For each 
country, price indices are represented by three groups of maturity profiles: short-term 
(1-3 years), medium-term (3-5 years), and long-term data (5-10 years). 
The first essay (second chapter) discussed improvements of the traditional 
Mean-Variance (MV) analysis. Two interlinked issues are analyzed: the identification 
of the appropriate constraints for Bank Indonesia as well as the estimation of the 
statistical acceptance region for Bank Indonesia’s efficient portfolio. 
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Due to instability of the MV approach, this chapter utilizes bootstrap method 
to resample Bank Indonesia’s portfolio. Different with Michaud’s approach (1998) 
that assumes normality data, this thesis uses non-parametric bootstrapping method 
(Efron, 1979). Furthermore, sample acceptance region (SAR) is obtained using 
various confidence intervals as proposed by Jobson and Korkie (1980), and Michaud 
(1998). A comparison is made between the usages of row- versus column-rectangle in 
the calculation of the SAR. Finally, the comparison between the bootstrap method and 
Michaud’s scheme will be discussed. 
Several contributions have been made from the second chapter. First, the 
restrictions on MV approach for the US and Euro assets play the most important role 
for Bank Indonesia. Second, if Bank Indonesia wants to achieve a higher return, 
imposing upper limits are preferable because it shifted the efficient portfolio upwards. 
Third, Bank Indonesia should not put maturity profile as part of its constraints since it 
leads to the lower the portfolio’s efficiency. Fourth, to reduce the potential transaction 
cost (currently at around 0.22% of its asset in AFS), Bank Indonesia should consider 
using sample acceptance region (SAR) because it reduces the need for frequent 
portfolio rebalancing. This study suggests that the 80% SAR is used for policy 
purposes since it produces a more precise (less jaggy) SAR than the 90%, and 95% 
SARs. Fifth, comparison between row and column rectangle suggest that they are 
equivalent. However, Bank Indonesia should use the column rectangle method 
because the column rectangle is more precise in the lower-left area of the efficient 
frontier (the less risky part). Sixth, the bootstrap and the multivariate-normal methods 
(Michaud’ method) generate roughly equivalent SAR, however, the first approach 




The third chapter (second essay) discusses the portfolio strategy when reserves 
should avoid certain target return (a disaster level). This method is very relevant as 
Bank Indonesia tries to increase its capital structure to at least 10% of total monetary 
liabilities. In this regard, the downside-risk framework can be used to obtain lower 
risk exposure compared to the usual MV approach. Three safety-first models are 
analyzed: Roy’s (1952), Kataoka’s (1963), and Telser’s (1955) models. The 
investigation on these approaches show that Telser’s method does not really fit with 
conservative strategy because it produces higher return-risk points compared to the 
first two models.  
The analysis found several contributions. First, there is an empirical link 
between the Roy’s and Kataoka’s model. Hence Bank Indonesia’s may choose either 
method. However, since Bank Indonesia must preserve capital, the specification of 
lower rate of return will be more useful, hence suggesting the adoption of the Roy’s 
criterion. Further, the usage of the Roy’s criterion seems more plausible than the 
Kataoka’s criterion because the bank can set the disaster level (i.e. “no negative rate 
of return”) more easily than it is to determine the appropriate level of probability 
requirement. Second, the resulting optimal asset allocation can serve as a floor limit 
that can be utilized as a tool for risk management in Bank Indonesia. 
Three further contributions should be mentioned as well. Third, the safety-first 
model also helps BI to narrow down the choice of the optimal frontier (on the lower-
left part of the frontier) and hence narrow down the range of asset allocation. This 
implies that BI needs to only consider limited range of assets allocation. Fourth, 
bootstrapping the safety-first model generates portfolio allocation areas that are both 
optimal and simultaneously minimize the probability of a disaster. Fifth, this method 
also reduces potential loss from rebalancing cost because the range of efficient 
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frontier will be narrower. This will be true especially when the Statistical Acceptance 
Region (SAR) is considered (as in the first essay). 
The main issue in the fourth chapter (third essay) is the implementation of 
active portfolio management in Bank Indonesia. Since there is a continued strong 
debates regarding market efficiency, there are reasons to believe that there is a role for 
active management. The theoretical part of this thesis is the active portfolio 
management (APM) based on Fundamental Law of Active Management as proposed 
by Grinold (1989) as well as contribution by Ledoit and Wolf (2003). In line with the 
nature central bank that is very concerned with low-risk assets, this thesis studies the 
volatility of tracking errors under different model parameters. 
In this thesis, the benchmark model is chosen with the following (assumed) 
parameters: information ratio (IR) of 0.5, expected excess return (G) of 100-basis 
point per annum, portfolio consisting of ten assets and also with no short-selling 
constraint. In the alternative models, these parameters are sequentially changed. Once 
the change is made, a bootstrap confidence interval will be applied to test the 
hypothesis of whether asset’s volatility of the benchmark model is similar to the 
volatilities in the other models (having different parameters). The use of the bootstrap 
method is primarily due to non-normality of the tracking errors’ data. 
As expected, higher required excess return (G) induces more volatility on the 
optimal tracking errors. On the other hand, introducing more assets into the portfolio 
does not appreciably change the active-weight’s volatilities of assets already in the 
portfolio. 
With regard to portfolio constraints, the calculation results show that a 
minimal set of constraint (positive weights) is enough to induce portfolio 
diversification. This portfolio’s diversification is in line with Bank Indonesia’s goal. 
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Within this result, however, this study found the tracking errors of Euro Notes are the 
most volatile in the benchmark portfolio. However, as different constraints are 
introduced into the model, the volatilities of US assets increase. Opposite to this, 
tracking error’s volatilities of Euro notes declined substantially under various 
restrictions. It can therefore be concluded that when the assets composition is as in 
this study there is trade-off of volatilities between the US and the Euro assets. 
The simulations results by varying required excess return, changing the 
number of assets, and introducing various restrictions yield several policy 
recommendations. First, Bank Indonesia must clearly and carefully consider its choice 
of G since it has a large and positive impact on the volatility of assets, and hence there 
is a trade off between high excess return (higher G) and risk. However, imposing 
lower G implies that BI must find other ways to monitor its fund managers’ 
performance. Second, to improve human resources ability in the active management, 
the internal staff can be guided to manage a growing number of assets since 
increasing asset numbers in the portfolio has limited (low) impact on the volatility of 
the tracking errors. Third, Bank Indonesia must seriously consider the effect of assets’ 
weight restrictions because choosing different restriction yields different volatility 
feature. In most of the cases, volatilities of the US assets increases while the Euro 
assets decreases. Finally, the S-3 set of restriction should not be implemented because 
such restriction contributes to high volatility on active portfolio management. 
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APPENDIX A1. Data Construction 
 
This appendix provides a more detailed rationale and explanation behind data 
construction used in the thesis. The first part deals with the choice of instrument. The 
second part of this appendix will cover the source of data. In the second part, the 
rationale of why a certain source is chosen will be explained. In the final part, from 
monthly return series, several simple statistics are calculated, including normality test 
of the return series. 
A1.1 Choice of Instruments 
First, note that the setting of investment objectives will determine the choice 
of instruments in Bank Indonesia’s portfolio. This will provide a useful background to 
pick up certain securities from the broad variety of instruments available in the 
market. 
There are numerous investment alternatives available to Bank Indonesia in 
global investment with each alternative providing different risk and return profile. 
From available choices of global investment alternatives, Bank Indonesia selects its 
constituents of its portfolio in order to get certain level of return while at the same 
time diversifying risk, in line with the bank’s objectives. Reilly and Brown (1997) 
outline the following asset classes: 
a. Fixed-Income Investments: US treasury securities, US federal agency 
securities, Municipal bonds, Corporate bonds 
b. Equity instruments 
c. Derivatives: option and futures contracts 
d. Investment Companies 
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e. Real Estate 
The majority of central banks invest only in saving accounts and treasury 
bonds. Although more and more central banks invest in riskier assets to obtain higher 
return, the number of such central banks is still limited.40 As a reminder, Bank 
Indonesia has three objectives in reserve management: security, liquidity, and 
profitability. These goals should be reflected in Bank Indonesia’s choice of 
investment instruments. As can be seen, many of the previously mentioned 
instruments do not match Bank Indonesia’s objectives due to its high risk level (in 
addition to technical difficulty in implementation). 
In choosing investment instruments, Bank Indonesia follows an internal 
guideline. In brief, the policy guideline of reserve management in Bank Indonesia is 
as follows: 
a. Issuer of bonds/notes: bonds must come from sovereign, state and government 
agency (government guaranteed), and supranational institutions. 
b. Rating: bonds must have a minimum rating of A as determined by the 
Moody’s Investor Services.41 
c. Maturity: bonds must have a maximum remaining maturity of 10 years. 
In addition to these general guidelines, there are other considerations. For 
example, Bank Indonesia focuses on investing in sovereign bonds issued by major 
developed countries such as United States, Japan, Euro countries, and non-Euro 
countries such as the United Kingdom, Denmark, Sweden, and Switzerland. 
Government instruments issued by these countries happen to be liquid assets. 
                                                 
40
 The results of survey of central banks reserve management (Central Banking Publication, 2002) 
shows that outside traditional investment, the majority of central banks invest in agency paper in 
their portfolios such as Fannie Mae that carry an implicit guarantee of the US Federal Government. 
41
 Bonds with Aaa to Aa are known as high-grade bond rating. These bond together with A and Baa 
ratings are considered as investment grade securities. These high-quality bonds have strong 
capacity to pay principal and interest. 
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Francis and Ibbotson (2002) shows that bonds denominated in US Dollar 
account for 49% of total publicly issued bonds. The U.S. Treasury bonds are the 
largest debt market instruments in the world, accounting for 10.3% of global bonds. 
The US Treasury bonds are also the most liquid market instruments for fixed income 
securities. Meanwhile, Euro bonds accounted for 26% of all publicly issued bonds, 
while the Japanese Yen-denominated bonds are 15.4% of all publicly issued bonds.42 
In the past few years, in order to increase investment return, but still within the 
security and liquidity guideline, Bank Indonesia also invests in government-
guaranteed agency bonds. Thus far, Bank Indonesia invests in agency notes issued in 
the US such as Federal National Mortgage Association (FNMA or Fannie Mae) and 
Government National Mortgage Association (GNMA or Ginnie Mae). Bank Indonesia 
also invests in government agency notes issued by some European countries. 
According to Francis and Ibbotson (2002), the combined share of GNMA, FNMA and 
FHLMA (Federal Home Loan Mortgage Association or Freddie Mac) was 
approximately 27% of total publicly issued bonds denominated in US Dollar.43 
In this thesis, the term “notes” instead of “bonds” will be used because Bank 
Indonesia’s guideline requires investing in sovereign bonds with maturity of less than 
10 years. 
A1.2 Data Sources 
Given the huge number of instruments available, it is impractical, if not 
impossible, to track prices of all instruments. It is more useful to represent the price 
                                                 
42
 More than half of Japanese Yen-denominated bonds (58%) were issued by the central government. 
43
 Even though the US government makes no explicit guarantee of agencies bonds, politically and 
economically the US government will prevent agencies from defaulting (Francis and Ibbotson, 
2002, p. 102). 
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data with price index that aggregates several instruments. There are at least two 
reasons why the actual bond prices cannot be used: 
1. There are many varieties of note instruments in Bank Indonesia’s portfolio, 
each with different maturity and type/characteristic. Currently, there are more 
than 200 types of notes in Bank Indonesia’s portfolio. Hence, it is impractical 
to use the actual prices of these notes in this research. 
2. The composition of assets in the bank’s portfolio changes quite often 
(sometimes daily) because these instruments are actively traded (for example, 
to obtain capital gain from price movements). Hence, it is very complicated to 
use the price of each note in Bank Indonesia’s portfolio. 
Clearly, it is more useful to represent the price data with price index that aggregates 
several instruments. 
Several large financial institutions publish government price indices.  Included 
within the list are Lehman Brothers indices, Citigroup indices (Salomon Brother Bond 
indices), JP Morgan indices, and Merrill Lynch indices. 
Our choice of indices is determined by the following factors: 
1. The data are publicly available and easily accessible (such as from a 
Bloomberg terminal). 
2. The data series is available for a sufficiently long period (more than 10 years), 
and available on a daily basis. 
3. The constituents of the index are transparent. The indices must cover 
sovereign bonds/notes of major big countries or major country blocs that are 
of interest to Bank Indonesia. 
Both the JP Morgan indices and Salomon Brother indices satisfy these general 
requirements. However, lengthy series from both institutions are not available from 
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the Bloomberg terminal (except for those who have special arrangement with the 
institutions). Hence, both the JP Morgan and Salomon Brother indices are excluded 
from this study because of accessibility issue. Lehman Brother Index is also excludes 
because their indices are not publicly available.  Therefore, only the Merrill Lynch 
Global Government indices are left.  
The Merrill Lynch indices are not available for each term of maturity but only 
available within a certain range of maturity. Currently, the maturity ranges are for 1+ 
year, 1-3 years, 3-5 years, 1-5 years, 5-7 years, 5-10 years, 7-10 years, 1-10 years, and 
10+ years. Price movements of specific bond/notes within each bucket will be 
reflected in the composite price index for all bonds in the group. This study uses 
indices of three different buckets that reflects Bank Indonesia’s guideline: 1-3 years, 
3-5 years, and 5-10 years buckets. 
Since Bank Indonesia invests in various notes from different countries, this 
study limits itself to studying data from five types of countries / regions (blocs). These 
blocs are: US notes, Japan notes, Agency notes, Euro notes, and Non-Euro notes. 
There are at least two reasons for the choice of indices that combine single-
country and bloc-country indices. 
1. More than half of government reserves in Bank Indonesia are in US Dollar 
term. Therefore, considering the importance of US notes in Bank Indonesia’s 
portfolio, the US single country indices (not in Dollar bloc with would include 
other countries such as Canada) is used. Japan also plays an important role in 
Bank Indonesia’s balance sheet due to large obligation in Japanese Yen. 
Hence, Japan notes are part of single country index. 
2. Euro bloc and non-Euro bloc notes are used because there is very strong 
correlation coefficient among Euro-countries notes. 
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The inclusion of Agency notes warrants further explanation. The price index 
for agency notes tracks the price of public debt of US Agencies denominated in US 
Dollar and issued in US domestic bond market. Even though the index is combination 
of some agencies index, almost 70% were of the Fannie Mae and Freddy Mac types. 
Hence (given their Federal government affiliation and liquidity), these Agency notes 
for BI may be thought of as sovereign notes. 
Since each bloc has three different time-buckets, therefore the portfolio 
consists of fifteen assets. These indices and their Bloomberg codes are given in Table 
A1.1. Each country issues notes in domestic currency, however, its index in US 
Dollar equivalent is used to standardize each instrument. Quoting data in USD term is 
more relevant to Bank Indonesia since USD is the base currency for the bank’s 
balance sheet. 
Table A1.1  Merrill Lynch Index Code of Instruments Utilized in the Study 
Country 1-3 years 3-5 years 5-10 years 
USA G102 G202 G602 
EUR EG01 EG02 EG06 
NEUR W1GN W2GN W6GN 
JPN G1YO G2YO G6YO 
USAG G1PO G2PO G6PO 
Source: Bloomberg (as at August 20, 2004) 
A1.3 Simple Statistical Analysis: Graphical Presentation 
A convenient summary of the data is provided in the box plot, which presented 
an effective comparison of distributions, in addition to detecting outliers that may 
exist in the data. A box plot is a summary of the highest data value, upper quartile, 
median, lower quartile, and lowest data values (Chase and Bown, 1998, p.74-5). The 
upper and lower ends of the box are the upper quartile and lower quartiles. The upper 
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quartile, the 0.75 quartile, it is Q3. Then, the lower quartile, the 0.25 quartile, it is 
called Q1. The median is 0.5 quartile. The whiskers are the vertical lines above the 
upper quartile and below the lower quartile. If the interquartile range is large, then 
middle data will spread out far from the median. The distribution skews if one 
distance is much bigger than the others are. 
To identify outliers, modified box plot is used (Chase and Bown, 1998). Data 
with values beyond the ends of the whiskers are outliers. There are two types of 
outlier. An outlier is extreme if an observation is more than three multiplied by inter-
quartile range (iqr). Otherwise, an observation is considered as mild outlier if it is 
more than 1.5 iqr, but less than 3 iqr.  In mathematical notation; suppose iqr = Q3 – 
Q1, so: 
• Upper edge + 1.5*iqr  
• Lower edge – 1.5*iqr 
To test the extreme outlier, the formulas are: 
• Upper edge + 3*iqr 






































Figure A1-1  Box plot of Government Index Return (Data set A) 
In the graphical analysis (Figure A1-1), the horizontal axis represents various 
securities.  
• Point 1 to 3: Euro Notes (for 1 year, 2 years, and 3 years, respectively). 
• Point 4 to 6: Non-Euro Notes (for 1 year, 2 years, and 3 years, respectively). 
• Point 7 to 9: US Treasury Notes (for 1 year, 2 years, and 3 years, 
respectively). 
• Point 10 to 12: Japanese Notes (for 1 year, 2 years, and 3 years, respectively). 
• Point 13 to 15: US Agency Bonds (for 1 year, 2 years, and 3 years, 
respectively). 
• In Figure A1-1, the box plot for European and Japanese notes showed wider 
dispersion compared to the US Treasury notes. It means that these two notes 
have more variability in the middle half of the data. For non-Euro notes, the 
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dispersion was not so wide. From this box plot, it may be concluded that 
Japanese and Euro notes were relatively more volatile than non-Euro, US 
Treasury notes and agency notes. 
The box plot also indicates that all notes have outliers. However, for Euro and 
non-Euro notes, it has positive outliers rather than negative outliers (the return of 
these European notes occasionally increased substantially). 
All chapters in this thesis utilize data set A. These data are return data with 
outliers. For enrichment, I want to examine the efficient frontier and sample 
acceptance region without the outliers. Hence, I have deleted some of the outliers 
mainly those observations that have values more than 1.5 multiplied by interquartile 
range, and then re-run the Matlab program. The results of the computer algorithm 
show that (given now I have different data set than the original one) the efficient 
frontier shifted substantially to the South-West direction (towards the origin). 
Therefore, we will not have the same efficient frontier. Hence, I cannot compare the 
new SAR (without outliers) with the original SAR, since now they are generated from 






































Figure A1-2  Box plot of Government Index Return (Data set B) 
Data in observation period B (Figure A1-2) showed reduced numbers of 
outliers, especially for Japanese notes. It means that Japanese return index in the last 
five years (B) have been relatively more stable recently. 
    
A1.4 Assets Correlation 
Another informative result is correlation matrix. The matrix describes how 
asset classes behave relative to each other. Table A1.2 shows that correlation 
coefficient between the US notes and the Euro notes range from 0.34 to 0.55.44 
                                                 
44
 Each pair of assets has a correlation number, in the range of –1 to 1. For +1, it means that the two 
assets always linearly move in the same direction, though not necessarily by the same magnitude.  
On the other hand, –1 correlation coefficient means that the two assets always move linearly in 
opposite directions.  Hence, when the price of one asset goes up, then the return of other goes down. 
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Similar situation also occur between US notes and non-Euro notes. For US notes and 
Japan notes, the linkage was even smaller (ranging from 0.17 to 0.29). Table A1.2 
clearly shows that US notes and agency notes have strong correlation because mostly 
the constituent of agency index was the US Agency-notes (such as Fannie Mae and 
Freddie Mac). The result suggests that diversification among different maturity of US 
notes have no significant impact in reducing risk because notes with different maturity 
move in similar direction. 
Table A1.2  Correlations of US Notes Against Other Notes (Data Set A) 
 US1 US2 US3 
EUR1 0.34 0.40 0.39 
EUR2 0.41 0.48 0.48 
EUR3 0.47 0.55 0.55 
NEUR1 0.36 0.44 0.44 
NEUR2 0.46 0.55 0.55 
NEUR3 0.51 0.61 0.62 
US1 1.00 0.94 0.89 
US2 0.94 1.00 0.98 
US3 0.89 0.98 1.00 
JPN1 0.21 0.22 0.17 
JPN2 0.24 0.25 0.20 
JPN3 0.27 0.29 0.24 
USAG1 0.98 0.93 0.87 
USAG2 0.94 0.98 0.95 
USAG3 0.86 0.96 0.97 
Source: Author’s Calculation 
                                                                                                                                            
A zero correlation implies that there is no linear relationship between the movements of the two 
assets (Francis and Ibbotson, 2002, pp.407-409). 
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APPENDIX A2. Derivative Transactions of Twenty Central 
Banks 
 









Australia √ − √ − 
Brazil √ √ √ − 
Canada 
− √ − − 
Colombo √ − − − 
Hong Kong SAR 
− √ − √ 
Hungary √ √ √ − 
Israel √ √ √ − 
Latvia √ √ − − 
Mexico 
− √ √ − 
New Zealand √ √ − − 
Norway √ √ − √ 
Tunisia 
− √ √ − 
U.K. √ √ √* − 
Oman √ − √* − 
Chile 
− − − − 
Botswana 
− − − − 
India 
− − − − 
Korea, Republic of 
− − − − 
Turkey 
− − − − 
The Czech Republic 
− − − − 
Source: IMF, 2003 (Case studies on 20 countries) 
√ : Dealing in the respected derivative transaction 
− : Not dealing in the respected derivative transaction 
√* : Only Forwards 
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APPENDIX A3. Minimum Variance Approach Model 
 
The standard minimum variance approach model can be represented by the 
following systems of equations. 




                   (40) 
Subject to pT µµω =  and 11 =
r
Tω                  (41) 
The first step involves forming a Lagrangian L. To minimize the variance, first 



























ωλ                    (45) 






−− Ω+Ω= λµλω .                  (46) 
Substituting ω  into the rest of the two first order conditions obtain: 
p
TT µµλµµλ =Ω+Ω −− 11211
r










µµ 1−Ω= TA                      (49) 
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µµ 11 11 −− Ω=Ω= TTB
rr
                 (50) 
11 1
rr
−Ω= TC                     (51) 
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µλ                    (54) 



































                 (56) 
where D=( 2BAC − ).                   (57) 
Then, to get the variance, use the equation for variance ωω ΩT : 
)2(1 22 ABC
D ppp
+−= µµσ                  (58) 
This equation relates risk with return where the equation is a hyperbola 
(Ingersoll, 1987). Hence, there is a possibility that a single risk level can be associated 
with two optimal rate of return. Clearly, only one rate of return can be the true 
optimal. To separate this, one needs to identify the minimum risk Minσ  and its 
associated return Minp _µ . In turn, only return higher than this Minp _µ  can be associated 
with the efficient frontier. 
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Hence, the next step is to find the global minimum variance of portfolio. To 
find the value of weight ( Minω ) for global minimum, compute the first-order 














                  (59) 
From this equation, the expected return is 
C
B
p =µ . Therefore, the global minimum, 











ω .                 (60) 
This completes a derivation of the relationship between the mean and variance. 
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APPENDIX A4. Utility Maximization Approach Model  
 
The alternative approach to solving the Mean-Variance model is through the 
utility maximization approach. 







1 22 ωωγµωγσµωγσµµ Ω−=−=−= TTpTpp             (61) 
Subject to 1=ITω  





TTTL ωλωωγµω −+Ω−=             (62) 












ωλ                   (64) 
Then solving for ω  obtains  
)1(11
r
λµγω +Ω= −−                   (65) 
After substituting: 
1111 1111 =Ω+Ω −−−− λγµγ
rrr
TT
                 (66) 
Suppose, 
µµ 11 11 −− Ω=Ω= TTB
rr
                  (67) 
11 1
rr
−Ω= TC                      (68) 





γλ                     (69)
 













.                  (70) 
Note that here the optimal weight depends on the parameter γ  (risk aversion 
parameters) which depends on the specific functional form used, and is often 
unobservable. This is in contrast to the minimum variance approach explained in 
APPENDIX A3 where optimal weights depend on observable parameters. 
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APPENDIX A5. Telser’s Model and Mean-Variance Approach 
 
This section provides a simple mathematical example regarding the property 
of the intersection between the efficient frontier and the Telser’s criterion. From 
previous calculation in APPENDIX A3, the efficient frontier using the Minimum-
Variance approach is: 
)2(1 22 ABC
D ppp
+−= µµσ                   (71) 
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pp                  (73) 
Where, 
µµ 1−Ω= TA                      (74) 
µµ 11 11 −− Ω=Ω= TTB
rr
                  (75) 
11 1
rr
−Ω= TC                      (76) 
D = ( 2BAC − )                   (77) 














DABC pLpp                  (78) 
Moving all the factors to the left hand side:  




This is a quadratic equation in pµ  hence there can be two unique intersections 
between the Mean-Variance frontier and the Telser’s line.: 
0)()22()( 22222 =++−++ LPLP DRAKBKDRDCK ααα µµ               (80) 
We can solve this equation by using the “abc-formula” which is d = b2- 4(ac). 





























σ             (83) 
Several possibilities exist. The model may have no solution, a single solution, or two 
solutions. Empirically, the existence and uniqueness of the solution in this example 
depends, in turn, on the value of the A, B, C, D, as well as other parameters of the 
model. When two solutions exist, the Telser’s model is constructed that it will choose 
the one having the larger risk and rate of return. 
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APPENDIX A6. Optimum Portfolios under Safety First  
 
The purpose of this appendix is to show the application of Telser’s method on 
the efficient portfolio and compare its result with the Roy’s and Kataoka’s results. 
This simple example will show that the optimal Telser’s point intersects the efficient 
frontier at the risk-return point that is higher than those obtained under the Roy’s and 
Kataoka’s optimal points. Hence, the Telser’s optimal point does not really match 
with Bank Indonesia’s investment risk appetite. 
The illustration uses portfolio without any restriction, or scenario S-1. Other 
scenarios (S-2 through S-9) have short (truncated) efficient frontiers due to the 
various constraints imposed. Hence, under these other scenarios, there is a distinct 
possibility that there is no optimal Telser’s point. To avoid these complications, the S-
1 scenario is used for the exposition. 
The other key assumptions in this model are probability level of one percent 
and the level of minimum return at zero percent. Hence, zero percent minimum level 
return in the Roy’s criterion will be used, while a 1% as the probability requirement 
will be used for the Kataoka’s criterion. For the Telser’s case, which is the 
combination of Roy’s and Kataoka’s case, probability requirement is set at 1% and 



















2 3 4 5 6 7
 
Figure A6-1  Optimum Portfolio under Roy, Kataoka, and Telser’s criteria 
The figure also shows that the Roy’s and Kataoka’s criteria provide roughly 
similar optimum points. On the other hand, Telser’s optimal point lies on the upper-
right area of the efficient frontier. This means that the Telser’s optimal point have a 
high-risk and high-return profile. This is clearly incompatible with Bank Indonesia’s 
risk preference. 
More detailed explanation on the return and risk as well as the asset allocation 
weight will be provided in the following Table: 
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Table A6.3  Portfolio Weights under the Roy’s, Kataoka’s and Telser’s Criteria 
 Telser Roy Kataoka 
EUR1 0.22 -0.16 -0.12 
EUR2 -1.75 0.12 -0.04 
EUR3 1.23 0.00 0.11 
NEUR1 2.64 0.23 0.44 
NEUR2 -3.08 -0.23 -0.48 
NEUR3 1.01 0.06 0.14 
US1 -5.44 0.89 0.35 
US2 3.15 -0.40 -0.10 
US3 -2.24 -0.08 -0.26 
JPN1 -3.56 0.06 -0.25 
JPN2 3.97 -0.10 0.25 
JPN3 -0.59 0.04 0.02 
USAG1 2.76 0.97 1.12 
USAG2 3.95 -0.63 -0.23 
USAG3 -1.26 0.22 0.10 
Return 14.39 5.02 5.83 
Risk 6.18 0.82 1.08 
 
The Table shows that the Telser’s return is 14.39% per annum, and its risk is 
6.18%. This point is quite high compared to the Kataoka’s criterion with the return 
and risk level of 5.83% and 1.08%, respectively. Similarly, the Roy’s criterion at 0% 
level of return generates optimum point that lies on 5.02% return and 0.82% risk 
level.   
In addition to that, the portfolio’s weights of the Telser’s approach show wider 
dispersion than the weights under Roy’s and Kataoka’s criteria. Further, to minimize 
risk, the Telser’s criterion suggests a large amount of short selling (negative weights) 
in several assets. In comparison, the other approaches suggest only a minimal amount 
of short selling. 
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APPENDIX A7. The Effect of G on Volatilities 
 
The purpose of this appendix is to show volatilities of various assets’ tracking 
errors when the fund manager’s expected excess return (G) is varied from 0.2% to 
2.0% in an increment of 0.2%. 
G US1 US2 US3 EUR1 EUR2 EUR3 JPN1 JPN2 JPN3 
0.2% 2.3 1.7 0.8 0.7 0.9 0.3 0.9 1.3 0.6 
0.4% 3.2 3.1 1.4 1.9 2.4 1.2 1.5 2.4 1.4 
0.6% 3.9 3.7 2.0 3.1 3.9 2.5 2.3 3.2 2.5 
0.8% 4.5 4.2 3.0 4.0 4.7 4.0 2.8 3.9 3.7 
1.0% 5.1 5.0 4.1 5.0 5.9 5.4 4.2 4.6 5.1 
1.2% 5.8 5.7 5.6 6.2 5.8 7.3 4.8 5.4 5.8 
1.4% 7.3 6.5 7.0 7.3 7.7 7.8 6.4 6.1 7.2 
1.6% 8.4 7.7 7.2 7.5 8.8 9.1 7.0 6.9 8.3 
1.8% 8.9 8.5 9.7 8.1 10.7 9.4 8.8 7.5 10.5 
2.0% 10.1% 10.9% 13.4% 10.9% 10.4% 13.6% 8.9% 10.3% 12.9% 
Ratio 4 6 18 16 12 47 10 8 23 
Source: Author’s calculation 
Note: Ratio is defined as the ratio of standard deviation at G = 2% relative to the 
standard deviation at G = 0.2%. 
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APPENDIX A8. Confidence Interval on Various G 
 
The purpose of this appendix is to show the bootstrapped 95% confidence 
interval when the fund manager’s expected excess return (G) is varied. In this 
appendix, the G is set at 0.6%, 1%, and 1.6%. 
 G = 0.6% G = 1% G = 1.6% 
Assets Std Low Upp H0 Std Low Upp H0 Std Low Upp H0 
US1 5.2 3.2 4.7 N 5.2 4.4 5.9 Y 5.2 7.3 9.8 N 
US2 4.7 3.2 4.4 N 4.7 4.5 5.9 Y 4.7 6.7 9.0 N 
US3 4.1 1.8 2.3 N 4.1 3.5 4.9 Y 4.1 6.1 9.1 N 
EUR1 5.0 2.8 3.6 N 5.0 4.4 5.8 Y 5.0 6.6 9.1 N 
EUR2 5.3 3.4 4.5 N 5.3 5.2 6.9 Y 5.3 7.6 10.5 N 
EUR3 5.6 2.2 2.9 N 5.6 4.7 6.4 Y 5.6 7.8 11.2 N 
NEUR1 – – – – – – – – – – – – 
NEUR2 – – – – – – – – – – – – 
NEUR3 3.0 1.0 1.6 N 3.0 2.1 3.1 Y 3.0 4.5 6.9 N 
JPN1 3.6 1.9 2.8 N 3.6 3.5 5.7 Y 3.6 5.9 8.9 N 
JPN2 4.0 2.8 3.9 N 4.0 3.9 5.6 Y 4.0 6.1 8.0 N 
JPN3 4.6 2.2 2.8 N 4.6 4.3 6.0 Y 4.6 6.9 10.3 N 
AUS1 – – – – – – – – – – – – 
AUS2 – – – – – – – – – – – – 
AUS3 – – – – – – – – – – – – 
CAD1 – – – – – – – – – – – – 
CAD2 – – – – – – – – – – – – 
CAD3 – – – – – – – – – – – – 
USAG1 5.0 2.4 3.4 N 5.0 4.1 5.4 Y 5.0 6.7 9.1 N 
USAG2 – – – – – – – – – – – – 
USAG3 4.7 1.7 3.1 N 4.7 3.1 5.0 Y 4.7 6.5 11.7 N 
Source: Author’s calculation 
Note: 
Y = Yes means that one cannot reject H0 that the standard deviation of benchmark 
active is the same as the standard deviation of alternative models. This is 
calculated at 95% confidence interval. N means the opposite. 
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APPENDIX A9. Volatilities Using Different Number of Assets 
 
The purpose of this appendix is to present the volatilities of assets’ tracking 
error when the number of assets in the portfolio is increased from eight up to 
seventeen. 
Assets US1 US2 US3 EUR1 EUR2 EUR3 JPN1 JPN2 JPN3 
8 5.8 5.7 4.7 5.3 6.2 6.0 3.6 5.1 4.8 
9 5.4 5.4 4.7 5.2 5.5 5.4 4.2 4.5 4.5 
10 5.2 4.5 3.8 5.2 5.9 4.9 4.0 4.5 4.7 
11 5.4 4.8 3.7 4.5 5.5 5.1 4.0 4.5 4.8 
12 5.1 5.0 3.8 4.8 5.4 5.2 3.5 4.3 4.2 
13 5.1 4.3 3.7 4.5 5.2 5.3 3.6 4.3 4.9 
14 4.9 4.1 3.8 4.9 5.1 5.0 3.9 4.2 4.7 
15 5.0 4.7 4.0 4.7 4.8 4.9 3.9 4.2 5.3 
16 4.8 4.3 3.1 4.5 4.7 5.2 3.6 4.3 4.8 
17 4.5 4.7 3.5 5.0 4.4 5.1 3.7 4.2 4.8 
Source: Author’s calculation 
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APPENDIX A10. Varying Assets Numbers: Test Results 
 
The purpose of this appendix is to present the 95% confidence interval of 
tracking error’s volatilities when the number of assets is incrementally increased. In 
this appendix the number of assets in the portfolio is increased from eight up to 
sixteen. 
Assets 
N = 8 
  Std    Low   Upp   H0 
N = 9 
  Std    Low   Upp   H0 
N = 10 
  Std    Low   Upp   H0 
US1 5.2 5.1 6.6 Y 5.2 4.8 6.3 Y 5.2 4.5 6.1 Y 
US2 4.7 4.9 6.8 N 4.7 4.9 6.2 N 4.7 4.0 5.5 Y 
US3 4.1 4.0 5.9 Y 4.1 3.9 5.7 Y 4.1 3.2 4.7 Y 
EUR1 5.0 4.6 6.2 Y 5.0 4.6 6.1 Y 5.0 4.5 6.2 Y 
EUR2 5.3 5.5 7.2 N 5.3 4.9 6.4 Y 5.3 5.3 6.8 Y 
EUR3 5.6 5.2 7.0 Y 5.6 4.7 6.3 Y 5.6 4.4 5.7 Y 
NEUR1 – – – – – – – – – – – – 
NEUR2 – – – – – – – – – – – – 
NEUR3 – – – – – – – – 3.0 2.3 3.7 Y 
JPN1 3.6 2.8 5.3 Y 3.6 3.4 5.7 Y 3.6 3.1 5.6 Y 
JPN2 4.0 4.4 5.8 N 4.0 3.9 5.3 Y 4.0 4.0 5.2 N 
JPN3 4.6 4.2 5.7 Y 4.6 4.0 5.2 Y 4.6 4.1 5.5 Y 
AUS1 – – – – – – – – – – – – 
AUS2 – – – – – – – – – – – – 
AUS3 – – – – – – – – – – – – 
CAD1 – – – – – – – – – – – – 
CAD2 – – – – – – – – – – – – 
CAD3 – – – – – – – – – – – – 
USAG1 5.0 3.7 5.7 Y 5.0 4.4 6.0 Y 5.0 3.7 5.2 Y 
USAG2 – – – – – – – – – – – – 






N = 11 
  Std    Low   Upp   H0 
N = 12 
  Std    Low   Upp   H0 
N = 13 
  Std    Low   Upp   H0 
US1 5.2 4.6 6.3 Y 5.2 4.4 6.1 Y 5.2 4.4 6.2 Y 
US2 4.7 4.2 5.6 Y 4.7 4.3 6.0 Y 4.7 3.8 5.0 Y 
US3 4.1 3.3 4.6 Y 4.1 3.2 4.8 Y 4.1 3.1 4.7 Y 
EUR1 5.0 4.0 5.3 Y 5.0 4.2 5.6 Y 5.0 3.9 5.2 Y 
EUR2 5.3 4.8 6.3 Y 5.3 4.7 6.3 Y 5.3 4.7 6.0 Y 
EUR3 5.6 4.5 5.9 Y 5.6 4.6 6.1 Y 5.6 4.6 6.8 Y 
NEUR1 – – – – – – – – – – – – 
NEUR2 – – – – – – – – – – – – 
NEUR3 3.0 2.4 4.0 Y 3.0 2.8 4.3 Y 3.0 3.0 4.4 N 
JPN1 3.6 3.5 4.7 Y 3.6 3.1 4.2 Y 3.6 3.0 4.5 Y 
JPN2 4.0 3.9 5.5 Y 4.0 3.8 5.5 Y 4.0 3.7 5.3 Y 
JPN3 4.6 4.3 5.4 Y 4.6 3.8 4.8 Y 4.6 4.2 5.7 Y 
AUS1 – – – – – – – – – – – – 
AUS2 – – – – – – – – – – – – 
AUS3 – – – – – – – – – – – – 
CAD1 – – – – – – – – – – – – 
CAD2 – – – – – – – – – – – – 
CAD3 – – – – – – – – – – – – 
USAG1 5.0 3.8 4.8 N 5.0 3.9 5.1 Y 5.0 3.6 4.9 Y 
USAG2 – – – – – 2.5 5.0 N – 2.2 5.5 N 






N = 14 
  Std    Low   Upp   H0 
N = 15 
  Std    Low   Upp   H0 
N = 16 
  Std    Low   Upp   H0 
US1 5.2 4.1 6.0 Y 5.2 4.3 6.0 Y 5.2 4.0 6.2 Y 
US2 4.7 3.5 4.8 Y 4.7 4.1 5.5 Y 4.7 3.7 5.0 Y 
US3 4.1 3.2 4.8 Y 4.1 3.3 5.2 Y 4.1 2.6 3.9 N 
EUR1 5.0 4.3 5.6 Y 5.0 4.1 5.5 Y  5.0 3.9 5.4 Y 
EUR2 5.3 4.4 5.8 Y 5.3 4.2 5.4 Y  5.3 4.0 5.8 Y 
EUR3 5.6 4.3 6.0 Y 5.6 4.4 5.6 N 5.6 4.5 6.0 Y 
NEUR1 – 2.7 4.4 N – 3.3 4.5 N – 2.9 4.3 N 
NEUR2 – 2.7 3.8 N – 2.4 3.2 N – 2.5 4.3 N 
NEUR3 3.0 3.1 4.2 N 3.0 2.6 3.7 Y 3.0 2.7 4.0 Y 
JPN1 3.6 3.2 5.1 Y 3.6 3.2 5.2 Y 3.6 3.1 4.6 Y 
JPN2 4.0 3.7 5.0 Y 4.0 3.7 4.9 Y 4.0 3.7 5.4 Y 
JPN3 4.6 4.1 5.5 Y 4.6 4.7 6.2 N 4.6 4.2 5.8 Y 
AUS1 – – – – – – – – – – – – 
AUS2 – – – – – – – – – – – – 
AUS3 – – – – – – – – – – – – 
CAD1 – – – – – – – – – – – – 
CAD2 – – – – – – – – – – – – 
CAD3 – – – – – – – – – 3.2 4.7 N 
USAG1 5.0 4.0 5.1 Y 5.0 3.8 4.8 N 5.0 3.4 4.6 N 
USAG2 – 2.6 6.2 N – 2.7 5.3 N – 2.8 5.2 N 
USAG3 4.7 3.1 4.2 N 4.7 3.4 5.1 Y 4.7 2.9 5.2 Y 
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APPENDIX A11. Modifications of S-3 Models: Test Results 
 
The purpose of this appendix is to present a comparison of volatilities of the 
benchmark model against the bootstrapped 95% confidence interval of various 
modifications of S-3 models. 
(1) (2) (3) 
Assets 
Std Low Upp H0 Std Low Upp H0 Std Low Upp H0 
US1 5.2 7.3 10.1 N 5.2 10.5 14.8 N 5.2 9.2 12.0 N 
US2 4.7 6.1 9.1 N 4.7 12.7 17.6 N 4.7 12.0 17.6 N 
US3 4.1 6.0 8.4 N 4.1 7.3 10.6 N 4.1 8.5 19.7 N 
EUR1 5.0 3.3 4.2 N 5.0 4.2 6.0 Y 5.0 2.4 4.5 N 
EUR2 5.3 2.6 3.4 N 5.3 5.6 6.8 N 5.3 3.1 4.3 N 
EUR3 5.6 2.7 3.6 N 5.6 4.7 6.2 Y 5.6 3.5 4.5 N 
NEUR3 3.0 3.5 6.0 N 3.0 0.3 0.6 N 3.0 0.2 0.4 N 
JPN1 3.6 3.8 5.5 N 3.6 3.3 7.5 Y 3.6 3.3 5.3 Y 
JPN2 4.0 5.2 9.4 N 4.0 2.8 4.5 Y 4.0 3.7 6.6 Y 
JPN3 4.6 6.1 8.2 N 4.6 4.3 5.5 Y 4.6 4.7 6.5 N 
USAG1 5.0 2.4 3.2 N 5.0 2.3 3.4 N 5.0 6.1 10.9 N 
USAG3 4.7 1.9 3.2 N 4.7 2.0 3.3 N 4.7 5.5 10.0 N 
Note: 
(1) Relaxing restriction on US notes 
(2) Relaxing restriction on Euro notes 
(3) Relaxing restriction on US Agency notes. 
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APPENDIX A12. Indexing Tracking Error Volatilities 
 
This table is derived from Table 4.5 and Table 4.6. An example calculation 
will be done for the Japanese JP3 asset. From Table 4.5 the TE volatility of US1 was 
calculated at 5.23%. From Table 4.5 and Table 4.6, the TE volatility of JP3 at the S-3 
scenario is at 5.8%. Therefore, the normalized volatility of JP3 is equal to 110% 
(equal to 5.8 / 5.23). This is shown in the final column, row 11 of the following Table. 
Assets Benchmark No USD No EUR No AGC S-3 
US1 100% 159.0% 229.3% 199.5% 211.1% 
US2 89.6% 136.0% 282.2% 266.4% 258.0% 
US3 79.2% 135.5% 165.5% 234.3% 228.4% 
EUR1 95.9% 70.1% 93.4% 56.9% 51.4% 
EUR2 101.8% 56.9% 116.8% 69.8% 65.6% 
EUR3 107.4% 58.8% 102.1% 74.4% 72.6% 
NEUR3 57.6% 83.9% 8.4% 6.0% 6.0% 
JPN1 68.7% 85.2% 88.8% 76.7% 83.9% 
JPN2 75.6% 126.4% 63.8% 91.6% 90.6% 
JPN3 88.2% 135.6% 92.7% 103,5% 110.0% 
USAG1 94.7% 53.0% 51.9% 143.6% 58.6% 
USAG3 89.1% 47.2% 49.0% 146.9% 70.3% 
Source: Author’s calculation 
As shown in table, the TE volatilities of US assets are relatively higher 
compared to those of other assets. Hence the original conclusion remains unchanged: 
that introducing restrictions into the model tends to make the TE volatilities of US 
assets becomes higher. In contrast when the same restrictions are applied, the TE 
volatilities of other assets may go up or down. 
